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School-entry Eligibility Effects in Developing Countries  
Melisa Morales 
 
This dissertation focuses on the exogenously induced discontinuity that is observed in 
educational indicators as a result of school-entry age regulations.  It has been conducted in 
response to the research gap in low-and-middle-income countries (LMIC) in terms of school-
entry law effects.  I present three empirical analyses for Peru based on data sets with information 
on the exact date of birth-- the 2017 Population Census, the National Household Survey 
(ENAHO), the National Demographics and Health Survey (ENDES), and the 2010 University 
Student Census.  Discontinuity-based estimates shed light on the school eligibility effects on 
educational attainment, the effect of preschool attendance on maternal labor supply, and the 
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Chapter 1: Introduction 
 
Age-based eligibility rules have been deployed in the form of state and nationwide 
policies.  In many US states, for instance, children must be five years old on or before September 
1st of the school year to be eligible for admission to 5-year-old kindergarten.  In this setting, 
enrollment eligibility is exogenously delayed one year for those born after the cutoff date; 
generally, these children will be the relatively oldest in their class.  The fact that school-entry 
laws give rise to a break in school-entry timing has raised questions on the effects of school-
entry eligibility on a broad array of outcomes. 
My dissertation examines revolves around school-entry age policies in the context of 
low- and middle-income countries (LMIC).  I herein focus on Peru, a middle-income country 
that experienced a notable economic growth during the 2000s in comparison to the rest of Latin 
American countries, and has made salient progress in reducing the rural-urban gap in early 
school attendance.  Peru’s current eligibility cutoff date is March 31st and was enacted in 2011 
when the country passed a new admission rule on the age of eligibility for enrolling preschool, 
prekindergarten, kindergarten, and first grade students.  Prior to such a cut-off date, June 30th and 
July 31st had worked as threshold points.  The official goal of raising the age of eligibility for 
entry into school was based on an individual child’s maturation view, whereby entering children 
benefit from greater maturity and adapt best to the formal educational reality.  The change in the 
school entry cut-off date, far from being immediately accepted, sparked parent protests across 
Peru, and some parents even sued the Ministry of Education.  Arguments for and against 
increasing the minimum school entry age became subject of controversy among educators, 




In this dissertation, I delve into the school-entry eligibility effects on education-related 
outcomes, as well as the effect of children’s preschool attendance, exogenously induced by a 
school-entry regulation, on their mothers’ labor supply.  In this respect, I present three empirical 
analyses carried out using data primarily from two nationally representative surveys, ENAHO 
and ENDES, the 2017 population census, and the latest university student census. 
I begin by assessing the effect of school entry eligibility on selected educational 
outcomes at the three cutoff dates that have been enacted in Peru.  The discontinuity estimates 
provided inform on the effect of receiving school entry eligibility about one year earlier than a 
similar control group, in the spirit of intent-to-treat (ITT) estimates.  To frame my findings into 
the discussion on relative age effects and maturational differences, I first touched on the effects 
of moving the entrance cutoff for the first grade.  Having proved that the discontinuous changes 
observed seem to be induced by the school-entry regulations and that demographic factors have 
no substantive impact on the estimates, I documented findings in line with prior studies that have 
shown that relatively younger students in a class are held back more often than their older peers.  
I showed that the completion rate of 12-year-olds born shortly before the June 30 cutoff date is 
about .35, while the rate is approximately .49 among children born six months before the cutoff.  
The change in the outcomes found between relatively older and younger peers is smaller among 
17-year-olds than is for 12-year-olds, but still discernible. 
Later on, I explore the effect of school entry eligibility on educational attainment and the 
probability of delaying college entry in Peru, on the basis of a reduced-form approach.  In my 
setting, I use school entry age variation due to whether birthdays fell before or after the school 
cutoff date present in Peru when adults in my sample were about to start first grade of 




immediately after the school entry cutoff date lowered the mean probability of delayed college 
enrollment, but age at entrance to first grade ended up having little to no effect on long-term 
educational attainment.  Through these latter findings, I aim to contribute to the discussion on the 
transition from high school to college by providing empirical evidence on a middle-income 
country. 
Finally, I assess the causal effect of preschool attendance on maternal labor supply in 
Peru.  In a developing-country setting, the entrance of the youngest child to preschool may free 
up time for grandparents or older siblings who might have been previously taking care of the 
youngest child without impacting maternal employment.  Such facts work against the likelihood 
of capturing a statistically significant effect of preschool attendance on maternal labor outcomes.  
Regardless, my purpose in this third empirical analysis is to contribute with causal-type evidence 
on the dynamics behind the preschool sector and the interplay with women’s labor sector in the 
context of a developing country, while exploiting variation in pre-primary attendance induced by 
a school-entry age regulation.  Labor informality prevails in Peru despite the sizable reduction 
that took place until around 2012, which earned the country to be considered, along with Brazil, 
an example for the Latin American region for achieving a reduction in informality.  Along the 
same lines, considering the high levels of labor informality in Peru, my primary interest is more 
on the intensive margin of labor supply rather than on employment status. 
The exogenous variation in preschool participation emerging from the most recent 
school-entry cutoff date lays the ground for me to investigate preschool attendance effects on 
maternal employment status and hours worked, as I compare labor outcomes of mothers of 
children born just before and just after the school entrance threshold through fuzzy regression 




discontinuity in the probability of a child attending school.  My findings suggest that Peru has 
undergone transitional changes in its assortment of preschool services.  While Cycle I (ages 0-2) 
has been increasingly becoming more informal, Cycle II (ages 3-5) has been shifting from 
informal to formal preschool services, thereby moving towards a more homogeneous operation 
for the age group 3-5.  Also, the overall non-discernible effect of preschool attendance on 
maternal labor supply in Peru seems to be accompanied by crowding out of informal care 
arrangements.  I find some evidence that, among working mothers, the likelihood of performing 
the economic activity outside the home versus at home increases, which informs on changes in 
the distribution of maternal work, as a result of enrolling a 3-year-old in preschool.  The results 
also suggest a positive effect of preschool attendance on working hours of mothers with more 
education, whose eligible 3-year-old is the youngest child at home.  The increase in the average 
working hours is of approximately 27 hours per week, i.e., 5.4 hours per day approximately, and 
is in line with evidence from Brazil. 
This dissertation intends to serve as a contribution to the literature on the underexplored 






Chapter 2: Literature Review 
 
This chapter engages with the literature concerning school-entry laws, touching on school 
entrance age effects on in-school and out-of-school outcomes, and identifying the discussion 
behind moving the school entry cutoff date.  Chapters 4 and 5 are especially concerned with 
these topics.  Later in this chapter, I further focus on the empirical literature that used school-
entry eligibility regulations to examine the causal effect of preschool attendance on maternal 
labor supply, and that frames the analysis I adopt in Chapter 6. 
Having reached a given chronological age has long been considered an equitable criterion 
for entering school (Kagan, 1990).  A well-known school entry policy adopted in many countries 
is the one by which children are admitted into school when they reach a designated age by a 
given cutoff-date of the school year.  Age-based eligibility rules have been certainly deployed in 
the form of state and nationwide policies.  For instance, in the US, the typical entry rule is that 
children must be five years old on or before September 1 of the school year to be eligible for 
admission to 5-year-old kindergarten (Diffey, 2018).  
One fact that cannot be left out is that “school readiness,” understood in terms of a given 
chronological age, has broadened the grounds of “readiness”.  In many contexts, being “ready for 
school” no longer merely implies that a child has reached a certain age, but rather also has a 
specific set of skills (which can be measured) to better adapt to the formal school environment.  
Furthermore, “school readiness” came to be understood more and more as a concept 




Indicators Initiative, 2005).1 
In regards to the empirical literature on school entry age, studies typically are based on 
two types of comparisons, which use a different comparison group.2  On one hand, individuals 
may be compared across school cohorts.  Consider two groups of children of about the same 
biological age, around the school-entry cutoff date.  They may belong to the same birth cohort 
but are of different school cohorts, as the group born before the cutoff date was eligible to enter 
school one year earlier than the second group.  Hence, those born after (before) the cutoff date 
may be identified as older (younger) school starters.  On the other hand, individuals may be 
compared within the same school cohort.  In same-grade comparisons, those born immediately 
before the school cutoff date are the youngest individuals in the academic cohort, while those 
born immediately after the cutoff are the oldest individuals.  Both groups may have entered 
school in the same year, but the age difference between the youngest and oldest in class is close 
to one year.  Comparing both groups at a given point in time implies comparing children of the 
same school cohort but of different biological age. 
The empirical literature on school entry age has mostly pursued to examine the effects on 
children’s academic achievement.  An extensive body of literature has struggled with the 
empirical challenge of looking at variation in school entry age while holding absolute age and 
time in school constant-- which is one example of a fundamentally unidentified question arising 
when in-school children are tested, as noted by Angrist and Pischke (2009).  An age-at-test effect 
emerges, driven by the fact that older students in a class are older at the time the test is taken, in 
the typical event that children take the test on the same date.  For individuals still enrolled in 
compulsory school, the relationship between school entrance age, chronological age, and year of 
                                                
1 Along these lines, the National School Readiness Initiative (2005) introduced the Ready Children Equation, i.e., 
Children Ready for School = Ready Families + Ready Schools + Ready Services + Ready Communities.  




schooling becomes a mathematical identity, as there is an exact linear dependence between age, 
school-at-entry age, and time spent in school.  Thus, in the setting described, the effect of age of 
entry at school cannot be disentangled from the age-at-test effect. 
Consider equation (1.1).  If no grades are skipped or repeated, then the current grade 
equals years of schooling.  When examining short-term achievement outcomes, the identity then 
is as in (1.2). 
 
School starting age = Kindergarten entrance age + grade + # grades repeated - # of grades 
skipped until current grade  (1.1) 
 
School starting age = Age-at-test – Years of schooling (1.2) 
 
The three variables in the identity are perfectly correlated with each other, and therefore 
it is not possible to separately estimate the effects of any two of these variables by holding the 
other constant.  Note that the age-at-test in equation (1.2) refers to absolute age.  Since the age-
at-test is expected to have a positive effect on academic achievement, this effect cofounds with 
the effect of school-at-entry age.  This is why studies that compare older and younger school 
starters attending the same grade estimate the combined effect of school starting age and age-at-
test. 
To separate the school entrance age effect from the age-at-test effect, the first and typical 
strategy that has been implemented relies on post-schooling measures.  In a solid approach to 
isolate the age-at-test effects, researchers have studied the effects of school entrance age on test 




exploring school entrance age effects on adult outcomes, the main identification problem of the 
exact linear dependence described above is broken.  Out-of-school measures of both cognitive 
and non-cognitive skills have been used to hold age-at-test fixed and separate the school entrance 
age effect from the absolute-age effect once compulsory schooling is complete.  The timing of 
the data collection is crucial for what the estimates reflect because for post-schooling measures 
the variations between age-at-test effect and school-at-entry age effect are independent 
(Fredriksson and Ockert, 2014).  In this vein, Black et al. (2011) break the perfect collinearity in 
equation (1.2) by analyzing the effect of being a school starter on IQ test scores measured at the 
time individuals are about age 18.  In this setting, test scores are independent of the grade so that 
school entrance age effects can be separated from age-at-test effects.  The authors find a positive 
but small estimated effect for starting school younger and a larger positive age-at-test effect.  
Their results suggest that starting school a year later has a negative effect on scores from IQ tests 
taken at about age 18, reducing IQ scores by about .06.  They also document positive effects on 
educational attainment, earnings, and teen parenthood.  Other studies that used out-of-school 
measures are Fredriksson and Ockert (2014) and Dee and Sievertsen (2018). 
The remainder of this chapter elaborates on the effects of school-entry age on various 
outcomes, followed by a discussion on relative and absolute age effects, and implications of 
shifting the school entrance cut date.  Altogether, this will frame the findings of the empirical 
analyses outlined in Chapters 4 and 5.  Later on, I further review the evidence of preschool 





2.1 Educational outcomes 
All in all, the empirical literature on school-entry age effects on children’s academic 
achievement is extensive and has mostly used standardized test scores as a proxy for cognitive 
skills.  A positive association between standardized test scores and being older at school entry is 
probably the most commonly reported finding.  The literature typically does not decompose the 
effects of school-entry age and age-at-test, but rather estimate the compound effect (Datar, 2006; 
Bedard and Dhuey, 2006; Puhani and Weber, 2007; McEwan and Shapiro, 2008; Elder and 
Lubotsky, 2009; Attar and Cohen-Zada, 2018).  Much research has explored, through same-
grade comparisons, the effects of either kindergarten- or first-grade enrollment age on both 
academic test score levels and gains.  From this body of literature, an established result is that 
children born after the school-entry eligibility cut date and who are among the oldest in their 
school cohort score higher on achievement tests than do their classmates born before the 
threshold date (Bedard and Dhuey, 2006; Puhani and Weber, 2007; McEwan and Shapiro, 2008; 
Elder and Lubotsky, 2009; Solli, 2017; Attar and Cohen-Zada, 2018; Dhuey et al., 2019). 
A larger effect is predicted for kindergarten and elementary school grade levels, and it 
seems to persist through at least eighth grade (Bedard and Dhuey, 2006; Elder and Lubotsky, 
2009; Kawaguchi, 2011; Attar and Cohen-Zada, 2018; Dhuey et al., 2019).  The effect on math 
assessment scores seems to be smaller than on language or science scores (Bedard and Dhuey, 
2006; McEwan and Shapiro, 2008; Attar and Cohen-Zada, 2018; Dhuey, Figlio, Karbownik, 
Roth, 2019), and the overall size varies across countries.  One relevant cross-country study based 
on twenty OECD countries finds that being relatively older produces effects of .12-.35 standard 




and Dhuey, 2006).3  Increases in fourth-grade test scores due to a one-year delay in first-grade 
enrollment in Chile ranged between .3 and .4 standard deviations, with similar larger effects in 
the eighth grade (McEwan and Shapiro, 2008).  The estimated effect is alike to the one found for 
Germany, suggesting increased test scores at the end of primary school by about .4 standard 
deviations (Puhani and Weber, 2007).  A more modest increase, in the order of .16-.29 standard 
deviations, has been documented among fifth graders in Israel (Attar and Cohen-Zada, 2018).  
Further, unlike previous studies that suggested either a larger effect for upper-income family 
children (Elder and Lubotsky, 2009) or a greater benefit among at-risk or low-SES children 
(Datar, 2006; Solli, 2017), one recent study has consistently found a lack of heterogeneity in the 
effect across various demographic and socioeconomic groups (Dhuey et al., 2019). 
There is less evidence of school-entry age effects on out-of-school test scores once 
individuals completed formal education.  Studies have reported a small negative effect on IQ test 
scores among Norwegian males aged 18 (Black et al., 2011) and a positive effect on college 
admission test scores in a Brazilian flagship university, although with different responsiveness 
by gender (Matta, Ribas, Sampaio, and Sampio, 2016).  Entering first grade one year later in 
Brazil increased scores by .5 standard deviations but only for men; and among college applicants 
with less-than-college education parents, test scores respectively increased by .73-.86 and .14-.57 
standard deviations for men and women (Matta et al., 2016). 
Another outcome that has been examined is the successful grade progression in school.  
Much of this literature points to declines in the probability of grade retention caused by delayed 
school enrollment induced by eligibility rules and to larger retention rates for the youngest 
students in a cohort (McEwan and Shapiro, 2008; Elder and Lubotsky, 2009; Dobkin and 
Ferreira, 2010; Cook and Kang, 2016).  A reduction of two percentage points in the likelihood of 
                                                




being retained in the first grade was found for Chile, relative to a baseline of 2.8 percent 
(McEwan and Shapiro, 2008), and a 6-percentage point reduction in the grade repetition 
probability between ages 11 and 15 was documented in North Carolina (Cook and Kang, 2016).  
Likewise, being relatively younger than peers at school entry has been found to raise the 
probability of repeating kindergarten, first, or second grade by 13.1 percentage points, relative to 
the 8.8 percent baseline repetition grade (Elder and Lubotsky, 2009).  Moreover, larger grade 
retention effects of entrance age, relative to the baseline rate, were documented for high-SES 
children.  The estimated negative effect on the probability of grade retention has been found to 
be over three times the baseline retention rate for children in the top income quartile, and 1.23 
times the baseline retention rate for children in the poorest quartile (Elder and Lubotsky, 2009). 
One long-run outcome for which it is more promising to isolate absolute age effects from 
school entry age effects is educational attainment, though the literature reveals inconclusive 
results on this outcome.  School entry age was found to be associated with a 0.16-year increase 
in educational attainment in Sweden (Fredriksson and Ockert, 2014), a 12-percentage point 
increase in the probability to attend the highest secondary schooling track in Germany (Puhani 
and Weber, 2007), a 15-percentage point rise in the college admission probability among male 
applicants in Brazil (Matta et al., 2016), and a 1.44 percentage point increase in the likelihood to 
have attained some college education in Mexico (Peña, 2017).  Furthermore, research exploring 
school-entry age effects on education at motherhood indicates that young mothers in California 
and Texas respectively had 0.14 and 0.24 fewer years of education by the time of birth (McCrary 
and Royer, 2011).  Also, Angrist and Krueger (1992) show that cohorts of US men born during 
the first quarter of the year attained less education than did those born during the remainder of 




In contrast, findings from North Carolina suggest 0.5 fewer grades by age 15 and a 3-
percentage point reduced probability to be enrolled in the twelfth year for children born just after 
the school cutoff in comparison to those born before the cut date (Cook and Kang, 2016).  Along 
the same lines, a study for a large cohort of California and Texas natives found individuals born 
before the school-entry eligibility cutoff date to be about a half percentage point more likely to 
complete 9th-11th grades, and one percentage point more likely to complete high school than 
individuals born after the cutoff (Dobkin and Ferreira, 2010). 
As pointed out by Fredriksson and Ockert (2014), these latter estimates have to be 
interpreted as the combined effect of school entry and leaving legislations rather than as the strict 
effect of school entrance age.  Lastly, little to no effect on average educational attainment was 
found for Norway, e.g., increases by 0.038 years of education only among women (Black et ak, 
2011). 
 
2.2 Labor market outcomes 
In terms of job market performance, delayed kindergarten-enrollment was found to 
produce a negative effect on earnings and full-time employment probability, fading away with 
age Black et al, 2011).  In a study using Norwegian data, the negative effect on earnings 
persisted until age 29, consistent with a reduced potential labor market experience at a given age 
for a given level of education.  The effect on full-time employment probability remained for men 
and women, respectively, until ages 28 and 26 years.  That starting school later entails the 
opportunity cost of entering the labor market later has been supported in a study that examines a 
cohort of Sweden-born population from 1960 through 2009 (Fredriksson and Ockert, 2014).  On 




earnings fell by .9 percent, indicating a negative earnings effect over the entire life-cycle.  A 
positive effect on prime-age earnings is reported for individuals born to low-educated parents 
and, to some extent, women.  The time frame in the Sweden-based study included a reform of the 
school education system, and results showed that the entrance age effects were smaller in the 
period of postponed tracking. 
 
2.3 Other outcomes 
Numerous studies have explored school entrance age effects on an array of outcomes not 
discussed thus far, including the propensity to commit crime as adults, early motherhood, and 
non-cognitive skills.  
Peña (2019) documents a 12-20% reduction in the probability of incarceration for drug 
trafficking offenses among black males born just after the cut date for enrolling in public 
kindergarten (oldest in their class) in comparison with those born immediately before the cutoff.  
There is also suggestive evidence that a higher school starting age lowers the propensity to 
commit a crime until ages 16 and 19 for women and men, respectively (Landersø, Nielsen, 
Simonsen, 2017).  For women, the effect seems to be driven by violent crime, while property 
crime and crime committed on weekdays seem to drive the effect for men (Landersø et al., 
2017).  In contrast, Cook and Kang (2016) finds a lower probability of juvenile delinquency but 
a higher probability of committing a felony offense by age 19 for those born just after the 
kindergarten enrollment cutoff date in comparison with their counterparts born before the cutoff.  
Grade retention and compulsory schooling leaving age legislation complicate these latter 




In terms of early motherhood, one pertinent study by Black et al. (2011) finds higher 
school starting age to lower the risk of teenage pregnancy.  A three-month increase in school 
entry age in Norway proved to reduce the likelihood of teenage pregnancy by .5 percentage 
points, as well as pregnancy probability within 12 years after school enrollment by about 1.2 
percentage points.  
To a lesser extent than for cognitive skills, school entry age effects on soft or non-
cognitive skills have also been explored, although thus far only in developed contexts.  The 
evidence is based on a diverse array of outcomes, such as leadership skills (Dhuey and 
Lipscomb, 2008), the likelihood of being diagnosed with attention-deficit/hyperactivity disorder 
(ADD/ADHD) (Elder and Lubotsky, 2009), the probability of being victims of school violence 
(Mühlenweg, 2010), mental health-related outcomes (Black, Devereux, and Salvanes, 2011), 
persistence and hyperactivity (Mühlenweg, Blomeyer, Stitchnoth, and Laucht, 2012), locus of 
control, among other non-cognitive dimensions (Crawford, Dearden, and Greaves, 2014).   
One finding is that older school starters build more skills than younger school starters.  
Older school starters were found to be between 4-11 percent more likely to lead varsity sports 
teams or clubs before graduating high school than are the youngest students (Dhuey and 
Lipscomb, 2008).  Furthermore, relatively oldest students were found to accumulate around 5 
percent more overall leadership experience compared to the relatively youngest peers (Dhuey 
and Lipscomb, 2008).   
Studies are supporting that being an older school starter lowers the probability of being 
victims of school violence (Mühlenweg, 2010), the probability of being classified as “without 
problems” 4 at age 18 if male (Black et al., 2011), and hyperactivity5 at ages 8 (Mühlenweg et al., 
                                                
4 Being classified as “without problems” is regarded as an indicator of mental health by Black et al. (2011). 




2012) and 11 (Dee et al., 2018).  Black et al. (2011), for example, find that a higher age-at-entry 
is associated with better mental health, which is likely to be correlated with various non-
cognitive skills.  Also, there is evidence that being an older school starter increases persistence 
by approximately 1.06 standard deviations (Mühlenweg et al., 2012).  Evidence also suggests 
that children entering the school at a relatively young age are significantly less adaptive to 
change at age 11 (Mühlenweg et al., 2012), and 2.9 percentage points6 more likely to be 
diagnosed with ADD/ADHD (Elder and Lubotsky, 2009).  In general, older school starters tend 
to incur fewer diagnoses of learning disabilities, according to Elder and Lubotsky (2009), 
presumably because relatively young students appear to teachers to lag developmentally behind 
the older school starters.  As for perception on academic competence, in a study for the United 
Kingdom, younger school starters measured around their eight birthday scored about .6 standard 
deviations higher in their view on own’ s scholastic competence than the older starters, born after 
the school eligibility cutoff date (Crawford et al., 2014).  Children’s perception of their 
scholastic competence was the only variable found to be significantly impacted by school 
entrance age from among a rich set of non-cognitive dimensions, including locus of control,7 
self-esteem, enjoyment of school,8 among others. 
I proceed to touch on absolute and relative age effects, an area especially concerned with 
the discussion on maturational readiness for school instruction. 
 
                                                
6 Relative to the 4.3 percent baseline diagnosis rate. 
7 Locus of control refers to how in control a person feels of her destiny, with a higher score indicating a more 
external locus of control (i.e. a lower belief that their actions have consequences and a stronger belief that fate or 
destiny is playing a role). 




2.4 Absolute and relative age 
In terms of the different pathways that school entrance operates, the literature has 
uncovered two mechanisms for the school starting age effect: 9 (i) Absolute age (or absolute 
maturity), and (ii) Relative age (or relative maturity). 
Under the first mechanism, the effect of school starting age is explained by the fact that 
learning in a given school environment may be more productive at certain age groups.  An 
example of a research question on absolute effects is the following: “Is the same amount of total 
schooling most productive when students begin school at age four or five?”  The absolute age 
effect thus emerges merely by being more or less mature in absolute terms.  Hence, the absolute 
age effect picks up the aging (i.e., the effect to enter school at five years old rather than at four 
years old), and is relevant as starting school earlier or later might make a difference for early 
identification of children’s needs, the transition to a structured educational environment, and 
even skill acquisition and long-run outcomes.  Lines of theories supporting the mechanism of 
absolute maturity come from brain development and ‘critical periods’ research.  Cognitive 
development has been regarded as critically important at an early age and has been the 
foundation for theories emphasizing that young children lack the maturity to learn complicated 
things in a school environment. 
The relative age effect, on the other hand, emerges by being more or less mature relative 
to classmates, i.e., is a within-class age effect relative to peers.  An example of a research 
question on relative effects is the following: “Is it good for a child to be among the youngest in 
class?”  Under this second mechanism, the effect of school starting age is explained by the fact 
that younger (older) school starters are relatively younger (older) within a class.  Being the oldest 
                                                




(or youngest) in the class may give an early advantage that might persist in the longer run.  It 
might happen, for example, that the class curriculum is geared towards the average student’s 
level of development (Datar, 2006); or that relative maturity boosts older school starters’ 
achievement through attention and self-confidence that come from being the oldest in the class 
(Cascio and Schanzenbach, 2016); or that older school starters’ maturity increases their 
likelihood to be selected by their teachers for more advanced curriculum groups or leadership 
positions (Bedard and Dhuey, 2006; Dhuey and Lipscomb, 2008).  If indeed relative maturity 
effects are long-lasting and early age differences are transmitted through the human capital 
accumulation process into later life, lifetime earnings might end up being higher relative to that 
of the youngest peers in their cohorts (Bedard and Dhuey, 2006; Fredriksson and Ockert, 2014).  
The presence of relative maturity has been supported by peer-quality theories, on which basis 
younger children may benefit from being surrounded by older and abler peers.  Empirical 
evidence has as well highlighted that older and abler peers can generate positive peer group 
effects (Fredriksson and Ockert, 2014). 
In the frame of the relative-age mechanism, a widely accepted belief is that parents’ 
primary motivation for the practice of redshirting is that they do not want their children to be the 
youngest kids in class.  Academic redshirting  (also known as ‘the gift of time’ or ‘holding out’) 
is a practice in which parents postpone their children’s entry into school so that children are 
enrolled in a grade lower than the one corresponding to their age and for which they are eligible.  
The term was borrowed from sports activities in which college athletes are retained and hold out 
of playing until they have grown stronger (Meisels, 1992; Deming and Dynarski, 2008).  In the 
U.S., research has shown that approximately two-thirds of the increase in school starting age 




even when they are legally eligible to attend (Deming and Dynarski, 2008).  Parents may even 
have children repeat kindergarten if there is a concern that the child exhibits less mature 
academic, social, or physical skills than their peers of the same age (National Center for 
Education Statistics, 2013).   
Particularly relevant for developing contexts is the literature on low and middle-income 
countries (LMIC) parents choosing to enroll their children earlier if they are more mature, as 
indicated by anthropometric measures.  Several studies, in which the Height-for-age indicator 
has generally served as a proxy of school readiness, have suggested that early childhood 
malnutrition in LMIC was an important reason for delayed primary school enrollment.  One 
prominent example from this literature is Glewwe and Jacoby (1995).  In a study for Ghana, the 
authors examine why children often delay primary school enrollment and focus on the 
hypothesis that delays are rational responses to early childhood malnutrition.  The authors find 
little support for alternative explanations based on borrowing constraints and supply constraints 
at primary schools.  Alderman, Hoddinot, and Kinsey (2006) note as limitations of the study the 
reliance on a single cross-sectional survey and the absence of instruments that unambiguously 
identify factors that might have affected preschool outcomes.  Along the same lines, Alderman, 
Behrman, Lavy, and Menon (2001) provide suggestive evidence on the effect of preschool 
nutrition on primary school enrollment in rural Pakistan. Based on longitudinal data, the authors 
find that better-nourished children tend to start school earlier and that the effect is larger for girls 
than for boys.  Another study that supports the hypothesis that delayed primary school 
enrollment is caused by nutritional deficiencies in early childhood presents evidence for rural 
Zimbabwe (Alderman et al., 2006).  The authors identify differences in pre-school height-for-age 




instrumental variables estimates show that improvements in height-for-age in children under five 
are causally associated with starting school at a younger age. 
In contrast, red-shirting children in the US are overrepresented in high-SES families that 
can afford to pay an additional year of daycare or taking care at home (Deming and Dynarski, 
2008).  In California, parents from kindergarten-eligible children who enroll in kindergarten 
were found to have about one and a half years of schooling less and 40% lower incomes than 
parents from redshirting children (Dobkin and Ferreira, 2010).  More recent work based on data 
from North Carolina suggests that the practice of redshirting is more prevalent for whites than 
for blacks and Hispanics, but also has decreased due to changes in the public school cutoff date 
(Cook and Kang, 2020).  The next section addresses the implications of raising the minimum age 
of entry, so I will return to this point of changing redshirting patterns. 
 
2.5 Change in a school cutoff date  
The discussion behind shifting school cutoff dates is central to understanding the 
potential effects of relying on cut dates as a policy tool.  In this section, I elaborate on aspects 
pertinent to such a discussion.  First off, and as explained in detail by Bedard and Dhuey (2012), 
children can be classified into two groups after a change in the school cutoff date, namely, 
children directly affected by the policy change and children whose school eligibility status 
remains unchanged but are indirectly affected.10  The former group is comprised of children born 
between the new and old cutoff dates.   
A change in the school entry cutoff leads to at least four main implications. Bearing in 
mind that the general trend has been moving towards raising the minimum school entry age, I 
                                                
10 See Behard and Dhuey (2012) and Peña (2017) for a comprehensive explanation concerning the effects of a 




will refer to the effects of moving up the cutoff date earlier in the year.   
To begin with, children born between the new and the old cut date have their school 
eligibility altered, as they are induced to delay enrollment.  An immediate consequence of this is 
a change in their absolute age distribution.  As such children must wait one additional year to 
entering school after the reform, their absolute age at entry increases. But not only their school 
entry age raises but their age-at-test and potentially also their labor market entry age.  This group 
of children would, in principle, be entering the labor market one year after it would have been if 
their school eligibility had not changed.    
Second, the cutoff date change alters children’s position in the age distribution, 
modifying the relative age structure. The relative age of children directly (indirectly) affected by 
the cutoff change increases (decreases), and they become relatively older (younger) within their 
cohort.  In recent years, a three-month cutoff change, from June 30 to March 31, for preschool 
and the first grade of elementary education took place in Peru.  Under this reform, children born 
in March, for example, switched from a middle position in the relative age distribution under a 
30th June cutoff to the relatively young end of the distribution under a March 31st cutoff.  Also, 
given the changes taking place within the relative age distribution, the cutoff date change 
exogenously modifies the relative age across cohorts.  A relevant matter in this respect is the 
presence of spillover effects.  The change in the relative age distribution may propel peer effects 
if the learning process or rate of human capital accumulation of students in a class are altered via 
changes in the curriculum or redirection of resources towards a certain fraction of the cohort 
(e.g., the relatively youngest children). 
Third, the mean cohort entry age certainly increases as a result of moving the cut date to 




redshirting patterns.  The redshirting decision may be affected, inducing a lower redshirting 
probability for those children who comprised the relatively youngest children before the cutoff 
date change.  In the same vein, the new cut date may exert upward pressure on the redshirting 
probability of the now relatively youngest children.  Some studies have documented changes in 
the practice of redshirting occurring in the US (McAdams, 2016; Lenard and Peña, 2018), and 
the state of North Carolina (Cook and Kang, 2020).  No less important are the effects found on 
various outcomes in studies assessing changes in cutoff dates mandated in school-entry age 
policies.  Examples of outcomes studied are human accumulation (Bedard and Dhuey, 2012), 
incarceration rates (McAdams, 2016; Peña, 2017), achievement test scores (Fletcher and Kim, 
2016; Peña, 2017), and achievement test score gaps (Lenard and Peña, 2018; Cook and Kang, 
2020). 
From the above, it then follows that children directly affected by the cutoff change 
become both absolutely and relatively older.  For children indirectly affected by the policy 
change as the result of spillover effects, the net effect is ambiguous, taking into account that the 
relative age effect and the resultant effect from the increase in the average age of the entire 
cohort may go in opposite directions.  Furthermore, the gains associated with moving up the 
school cutoff date may be far from uniform across socio-demographic groups (Cook and Kang, 
2020), and so the sign and magnitude of the overall net effect ultimately respond to an empirical 
question.  
Bedard and Dhuey (2012), for example, document a positive earning effect among males 
in the order of 0.6 percent associated with changing the cutoff date earlier in the school year by 
one month.  Under the scenario of a three-month change in the cut date, male hourly 




attainment, which leads the authors to interpret their findings as coming through increased 
human capital accumulation within education categories.  Overall, these results point to earning 
benefits for the fraction of the cohort indirectly affected by raising the minimum school entrance 
age.   
When examining the motivation underlying moving up the cutoff date, at least three main 
reasons may be identified.  First, the reduction in the cohort size, as well as the raise in the 
average cohort age, may be appealing to proponents of entering school later who argue that 
maturity would help children better prepare for school.  Supporters of backing up school-entry 
dates usually favor this position on the grounds of maturation notions of development.  Second, 
advocates of later school entry in the U.S. have also favored this position because of the expected 
improvement in test score comparisons across states (“[…] cohorts are older when national 
assessments take place, which improves cross-state relative test score rankings” (Behard and 
Dhuey, 2012).  A third reason may be fiscal considerations, as temporary cost savings would be 
expected due to the reduction in cohort size.  Moving California’s cutoff date from December 2 
to September 1 would have saved the state between 392 and 700 million dollars per year for the 
thirteen years that the smaller cohort attends public schools (Cannon and Lipscomb, 2008; 
Bedard and Dhuey, 2012).  Also, taking into consideration suggestive evidence on the negative 
association between school starting age and crime offenses (McAdams, 2016), there may be 
potential savings from crime reduction. 
 
2.6 Literature Review on Preschool Attendance Effects on Maternal Labor Supply 
In this section, I elaborate on the studies that have used school-entry eligibility 




section frames the empirical analysis I adopt in Chapter 6 and specifically puts forward a set of 
studies based on nonexperimental data. 
The rationale for the effect of preschool attendance on maternal labor market outcomes 
hinges upon the subsidy implicit in the public schooling provision.11  Childcare may represent a 
sizable cost of employment and even may prevent women from entering the labor force. Publicly 
funded pre-primary school, which provides a set amount of care for young children, then 
represents a free or subsidized form of childcare, i.e., a childcare subsidy.  Such an implicit 
subsidy represents a full-price subsidy for childcare on the margin for any woman working less 
than the length of the school day (and year).  In this case, the provision of public school 
education represents a complete or 100% marginal price subsidy at the margin, which works as 
an incentive for mothers to enter the labor market or increase the number of hours worked.  This 
price subsidy raises the effective wage at the margin for this set of mothers, influencing the 
‘consumption’ of working (i.e., consumption of nonfamily child care) through an increase of the 
price of leisure relative to the price of consumption.12  For any woman working longer hours 
than the school day in the absence of public school, the subsidy is inframarginal with respect to 
child care costs.13  The subsidy gives rise to a kink in the mother’s budget constraint, and thereby 
provides both a price subsidy and an income subsidy.14  The income subsidy works as an 
incentive for mothers to reduce their labor supply, discouraging longer hours.  Hence, the 
theoretically predicted effect of increased access to the implicit subsidy on maternal labor supply 
is ambiguous due to the offsetting forces of the substitution and income effects.  The income 
effect exerts a downward pressure on maternal hours of work, while the substitution effect does 
                                                
11 See Gelbach (2002) and Barua (2014) for a revision of the subsidy implicit in the public school provision. 
12 The effective wage would be the mother’s wage net of child care costs.   
13 An inframarginal subsidy is one where the amount transferred is less than what the household (mother) would 
have consumed without the subsidy. 




the opposite.  As Gelbach (2002) summarizes, because some mothers sending their children to 
school receive a marginal price subsidy (e.g., the subsidy has pure price effects for unemployed 
mothers), others receive only an income subsidy, while other mothers receive a combination of 
the two, the net effect of the subsidy implicit in public preschool ends up depending on the 
countervailing forces of the price and income effects.   
This basic framework allows other variables to play a role in the women’s decision of 
entering (or re-entering) the labor force.  A household production model would predict that 
women would participate in the labor market when market productivity (net of childcare costs) 
exceeds home productivity.  Among the prime factors that affect market productivity and the 
cost of childcare is the presence of young children in the household; home productivity, on the 
other hand, is mainly affected by marital status and incomes of other household members.   
A large body of literature has explored the responsiveness of maternal labor supply to the 
child care subsidy implicit in the free or subsidized provision of pre-primary education.15  Two 
salient things are known about the literature.  First, studies have examined both the extensive and 
intensive margins of mothers’ labor supply and have produced mixed evidence.  Second, studies 
based on non-experimental data may be grouped into three main sets, depending on the approach 
chosen, namely, (i) structural studies of child care prices, (ii) quasi-experimental evaluations of 
policy changes, (iii) quasi-experimental studies based on a cutoff-based rules.  
 
 (i) Structural studies: 
One first set of studies focused on the estimated effect of price child care subsidies on 
maternal labor supply based on structural model-based methods.  Models in structural studies 
typically use behavioral and distributional assumptions, as well as regional, temporal, or both 
                                                




variation in childcare prices or availability.  Such studies generally estimate structural parameters 
of utility functions that are, in turn, used to simulate labor supply elasticities.  It is common that 
structural studies simultaneously model labor supply and fertility choices, as a way of controlling 
for fertility selection.  Furthermore, they commonly use correction methods for selection in labor 
supply participation and formal child-care utilization. 
This set of studies consistently found a negative effect of child care prices on maternal 
labor force participation (e.g., Blau and Robbins, 1988; Connelly, 1992; Anderson and Levine, 
2000; Connelly and Kimmel, 2003). And the estimated child care price elasticity with respect to 
the employment of mothers has been found larger for the least skilled women (Anderson and 
Levine, 2000).16,17   
One concern, however, is that structural estimates of the child care price elasticity vary 
widely across studies, even amongst those with similar sample composition by marital status, 
income, and children’s age, as well as amongst those using the same data sources.  Blau (2003) 
and Blau and Currie (2006), who reviewed US-data-based-studies, suggested that such 
variability in the estimates is due to differences in the model specification and estimation 
issues.18  In particular, accounting for unpaid child care, i.e., informal care, as well as, violations 
to the exclusion restrictions seem to be two key issues.19  In this respect, studies based on 
structural models may suffer from violations of exclusion restrictions in the child care price 
equation, considering that child care access and prices are not exogenous to female employment 
decisions (Blau and Currie, 2006).  The estimates from a reduced-form price equation on a 
                                                
16 See Blau (2003) and Blau and Currie (2006) for a detailed review of the US-based literature. 
17 A few studies have examined effects on hours of work instead of employment (Heckman, 1974; Michalopolous, 
Robins, Garfinkel,1992; Averett, Peters, Waldman,1997). 
18 The estimated child care price elasticity of maternal employment drawn from US studies fluctuates from 0.06 to -
1.26 (Blau, 2003). 
19 Heckman (1974) was the pioneering study noting that the analysis of female employment decisions needed to 





sample of employed mothers who pay for child care would be biased if the unobserved 
determinants of the price of care were correlated with the unobserved factors that influence 
female employment and child care behavior. 
 
 (ii) Quasi-experimental evaluations of policy changes 
The second set of studies typically estimates maternal labor effects of pre-primary school 
provision by primarily assessing the mothers’ labor response to a large-scale shock to the supply 
of preprimary education. 
Temporal and geographic variation in policies that affected preschool attendance has then 
paved the way for the growing body of quasi-experimental evaluations of policy reforms that 
hinge on differences-in-differences (DD) or differences-in-differences-in differences (DDD).   
The basic intuition here is to compare changes in labor outcomes of women exposed to 
the policy or reform and those unexposed, before and after the potential exposure.20  Such is the 
spirit of the study by Schlosser (2005), who compares labor outcomes of Arab mothers living in 
treated and comparison towns in Israel, before and after the introduction of free preschool for 
children aged 3-4.  Two main findings of her work are the sharp rise in both preschool 
enrollment and labor supply of Israeli Arab mothers as a consequence of the preschool law, and 
the increased labor market participation driven mainly by high-educated mothers entering the 
labor force.   
Among the US-based studies, one of interest is Cascio (2009), who exploits plausibly 
exogenous variation in grants received to finance kindergarten programs across many US states 
between the mid-1960s and the 1980s, in a context of a massive increase in both kindergarten 
                                                
20 This strand of the literature necessarily addresses concerns to the identification assumptions involved in DD 




supply and 5-year-olds school enrollment.21  In a DD and DDD setups, Cascio estimates separate 
models for mothers of five-year-olds with and without additional younger children, finding that 
employment and hours worked only increased for single mothers whose youngest child was 
entering public kindergarten.  The single mothers’ response was found relatively large: about 
four out of ten single mothers of five-year-olds with no younger children started working when 
the child enrolled in public school, and they worked 16 hours more per week.22 
 In terms of studies coming from developing countries, Berlinski and Galiani (2007) 
provide evidence for Argentina, a predominantly urban, middle-income country that underwent a 
large construction program of preschool facilities in the mid1990s.  They found that the program 
increased by about 7.5 percentage points the probability of preschool attendance (which was 
about half of the increase in gross preschool enrollment experienced in 1991-2001,15%).  As a 
consequence, and assuming zero vacancies in the newly constructed places, maternal 
employment would increase between 7 and 14 percentage points according to their results.  
When estimating the effect of the program on the intensive margin of labor, estimates for hours 
worked per week were found to be too imprecise. 
In a similar fashion as for preschool programs, the implementation or expansion of 
childcare subsidies has been examined via DD.  Studies conducted for the Canadian province of 
Quebec (Baker, Gruber, Milligan, 2008; Lefebvre and Merrigan, 2008) found a statistically 
significant maternal employment effect of about 7.7 percentage points as a result of improved 
access to child care among children ages 0 to 4.  On the other hand, Havnes and Mogstad (2011) 
found a nearly null effect of Norway’s universal childcare program for children aged 3-6 and 
                                                
21 The likelihood that a Southern district offered kindergarten jumped from 7.9 to 99.7 percent between 1966 and 
1989, whereas the likelihood of a Southern five-year-old enrolling in public school increased from 32 to 78 percent 
over about the same period. 
22 Cascio (2009) reports that married mothers did not increase their labor supply but rather substituted away from 




documented that the program crowded out informal childcare arrangements.  Their baseline 
result suggested that the child care expansion caused maternal employment to increase an 
average of about 0.06 percentage points per percentage point increase in the child care coverage 
rate.  Hence the authors suggested that the new subsidized formal child care was associated with 
a 94 percent crowding out of informal care.  This latter finding is of interest to my research 
project considering the large availability of informal care arrangements expected in Peru.  
Overall, among the studies applying a DD approach, we can conclude that in general 
studies find a positive effect of the preschool provision on maternal labor supply in at least one 
specific subgroup of mothers.  Also, married mothers may be less sensitive to childcare costs 
(Cascio, 2009). 
 
(iii) Quasi-experimental studies based on a discontinuous rule of school eligibility. 
The empirical analysis that is subject of Chapter 6 relates more closely to this third set of 
studies that causally estimates the effects of preschool attendance on maternal labor outcomes 
via the plausibly exogenous variation in preschool participation emerging from school 
enrollment rules.  Such studies exploit the age-based eligibility cutoff for pre-K (or kindergarten) 
enrollment as a source of identification.  See Table 2.1 for a summary of this third set of studies 
relying on discontinuity estimates.  The intuition here is that the birthday-based discontinuities in 
preschool participation allow comparing children who are eligible to enroll in a given year (born 
on one side of the cutoff date) versus ineligible children (born on the other side of the threshold 
date).   
A key assumption under this approach is that the school-age eligibility requirement 




potentially leaving correlates of maternal labor outcomes unchanged between children born on 
either side of the cutoff date.  
To the extent that date of birth is credibly assumed to be exogenously determined, i.e., 
there is no manipulation of birth timing, this strand of the literature addresses endogeneity issues 
by commonly exploiting cross-state variation in cutoff dates and variation in preschool status, as 
enrollment is assigned based on children’s date of birth.  In this setting, the most commonly used 
strategy hinges on instrumental variables (IV) and RD designs, usually estimated by 2SLS.  
Pertinent examples include the works by Gelbach (2002), Goux and Marin (2010), Fitzpatrick 
(2012), Berlinski, Galiani, and McEwan (2011), Bauernschuster and Schlotter (2015), and Choi 
and Jung (2017).23 
The pioneering study by Gelbach (2002) is a major contribution to the relevant literature.  
Gelbach (2002) is the first study that used census data (and thus, large samples) to answer the 
research question of mothers’ labor response to their children’s preschool attendance in the US.24  
Gelbach (2002) is also the first study in exploiting a natural experiment to provide causal 
evidence that children’s public school enrollment is related to their mothers’ labor market 
outcomes.25   
The novelty of the study is clear in light that Gelbach has been cited in virtually every 
study about the childcare subsidy implicit in public school availability.  By using children’s 
quarter of birth as an instrument for enrollment in public kindergarten and state variation in 
cutoff dates, he compares outcomes of mothers with children of about the same age but different 
                                                
23 As further described in the next chapter, this setting requires examining the distribution of births around the cutoff 
date. 
24 In the same study, he also examined the effects of enrollment in public kindergarten on public assistance receipt. 





kindergarten eligibility.26  He finds that the probability of employment for mothers with a 5-year-
old youngest child increased by 6-24% when the child enrolls in school. 
The study by Gelbach (2002) was later replicated by Fitzpatrick (2012) for a different 
period to examine whether the responsiveness of women’s wages to childcare had changed in the 
US.  Although she also uses census data (in this case, the 2000 round), restricted data with 
information on the exact date of birth allow her to make use of kindergarten school entrance age, 
a plausibly more precise instrument than a quarter of birth in a fuzzy regression discontinuity 
(RDD) framework.  No discernible robust effect is found on mothers’ labor supply, though 
maternal employment did increase for single mothers without additional young children.  This 
finding is in line with a closely related study by Fitzpatrick.  Fitzpatrick (2010) examines the 
effects of the introduction of prekindergarten programs in Georgia and Oklahoma, finding that 
pre-kindergarten availability increased statewide kindergarten enrollment by around 14-17% and 
had a non-robust effect on maternal labor supply. 
Evidence on the effects of early school availability for European countries was provided 
by Goux and Maurin (2010) and by Bauernschuster and Schlotter (2015), in the respective cases 
of France and Germany.  The study for France exploits discontinuities in the enrollment 
probability, and that French children start public school the year they turn two or three years old.  
The authors found a statistically significant increase in the employment probability of lone 
mothers and no effect for two-parent families.  In Germany, prekindergarten provision for 3- and 
4-year-olds was found to increase mothers’ employment probability (Bauernschuster and 
Schlotter, 2015).  For mothers whose child was the youngest at home, maternal employment 
increased by 6 percentage points.  Results from a more recent study suggest an increase of 11.7 
percentage points in maternal labor market participation due to subsidized prekindergarten 
                                                




availability for 3-year-olds in Hungary (Lovász and Szabó-Morvai, 2019).  
To the best of my knowledge, Berlinski et al. (2011) was the first study conducted in a 
middle-income country that examined the effect of preschool attendance on mothers’ labor 
market outcomes, instrumenting preschool attendance via school eligibility cutoffs.  In a fuzzy 
regression discontinuity design approach, the authors exploited the fact that a cutoff date 
establishes who can enroll in level 3 of preschool in a given year in Argentina.  A child who 
turns five years old on or before June 30 of a given school year is eligible to enroll in 
kindergarten; otherwise, the child must wait until the next academic year to be eligible.  By 
comparing mothers aged 18-49 of enrolled and non-enrolled children aged four on January 1 of 
the survey year, the authors document that mothers, on average, increased 7.8 hours their work 
hours per week as a consequence of their youngest child entering the mandatory year of 
preschool.  No discernible effect is found if the child who enters preschool is not the youngest in 
the household.   
A recent study by Choi and Jung (2017) is also among the few that provide regression-
discontinuity estimates of the effect of public school enrollment on mothers’ labor force 
participation decisions outside the United States.  The South Korea-based study makes use of 
relatively new data and reports a sizable estimate of the entry to the workforce by low-educated 
mothers of children enrolling in school.  Their results suggest that mothers with more than two 
children are, on average, 9.2 percentage points more likely to be working when their youngest 
child enters school.  The effect is larger for mothers without a high school diploma, who are 11.2 
percentage points more likely to work with their youngest child’s school entry. 
As in the case of Berlinski et al. (2011), Ryu (2019) contributes to the discussion on the 




regression discontinuity approach based on Brazil’s school eligibility rule.  (In most Brazilian 
states, a child has to be enrolled in preschool if aged four years by March 31.)  Notably, Ryu 
(2019) finds statistically significant increases in employment probability and hours worked per 
week only for mothers whose 4-year-old child was the youngest and lived with no other 
relatives.  His overall findings suggest that such mothers were approximately 40 percentage 
points more likely to take formal contract jobs when the eligible 4-year-olds enrolled in 
preschool.  The increase in the employment probability is found along with a 22-hour increase in 
the average weekly working hours and a 15-hour decrease in the number of hours spent on 
household chores.   
Lastly, recent research has made use of a difference-in-regression-discontinuities design, 
after combining RDD and DD approaches.  One example of such studies is Carta and Rizzica 
(2018).  The authors find that offering pre-kindergarten programs in Italy increased both labor 
force participation by 6 percentage points.  In 2009, a reform extended pre-kindergarten access to 
2-year-old children born between December 31 and April 30, thereby providing families with a 
much cheaper alternative to daycare for 2-year-old children.  The effect of the implicit subsidy in 
the form of pre-kindergarten was examined by exploiting the discontinuous rule of pre-































































































Estimated effect found for…? Source 
Country          
Argentina 
1995-2001 0 +  
 +   Mothers whose youngest child enters kindergarten  




   +   Mothers in households with no younger children nor relatives Ryu 2019 
Hungary, 











      Mothers with some high 
school or less education 
Choi and Jung, 
2017 
U.S. 1980 
+  +  + + + Single mothers whose youngest child enters school Gelbach 2002 
+  +  + + + Married mothers  
U.S.  
1980-2000 
+    + 0 0 Women whose youngest child enters school Barua 2014 
0   
 
0 + 0 Married mothers with younger children  
U.S.  
1980-2000 +  0 
 
0 0 0 Single mothers with no younger children 
Fitzpatrick 
2011 
U.S. 2000 0  0  0 - - Mothers with a child entering kindergarten Cascio 2009 




Note: Effect of preschool attendance on maternal labor examined through eligibility rules.  
 (+) and (-) indicate, respectively, positive and negative effects at 1%, 5% or 10% statistical 
significance level; (0) indicates no discernible effect.  If the mother worked at least 20 hours the 
week previous to the interview, is here referred to as full-time employment. 
 
 
Literature on other outcomes 
Preschool attendance effects on outcomes other than maternal labor supply deserve 




adults other than parents increasingly mind young children has driven up the interest in 
examining the causal effects of preschool attendance on children’s outcomes in the short and 
long run. 
It is certainly of great importance to understanding whether preschool or child care 
programs address the developmental needs of young children, especially amongst those 
economically disadvantaged.  Although capturing the quality component of early childhood 
education is, by all means, challenging, this line of research is of need to better inform whether a 
given early childhood education program or policy merely meets custodial care needs, or if can 
also enhance young children’s cognitive, emotional, and social development.  Cueto, León, 
Miranda, Dearden, Crookston, Behrman (2016) is a valuable exception and informs on the effect 
of exposure to different quality preschool programs on children’s outcomes in Peru.  Their 
findings show that attending formal preschools has a significant positive effect on children’s 
receptive vocabulary and early numeracy skills, yet there is no effect among children who 
attended a community-based preschool.27  In the same vein, the literature has suggested the effect 
of preschool attendance to highly depend upon exposure duration and children’s age.  Behrman 
et al. (2004) show a robust significant positive effect of the Bolivia Integrated Child 
Development Program on children’s cognitive and psychosocial skills after an exposure of at 
least seven months.28 
In terms of school outcomes, Berlinski et al. (2008 and 2009) and Havnes and Mogstad 
(2011) provided evidence for Latin America and Europe, respectively.  Berlinski et al. (2008) 
examined the effect of preschool attendance on school progression in Uruguay over a nationally 
representative sample of children aged 7-15 years old.  Based on a within-household estimator, 
                                                
27 According to Cueto et al. (2016), more years of attending formal preschools are found to be more beneficial for 
better-nourished children.  




they found that children who attended preschool accumulated .79 extra years of education by age 
15 and were 27 percentage points more likely to be in school than their untreated siblings 
(siblings who did not attend preschool).  Overall, their findings suggest small gains in school 
attainment from early school attendance in Uruguay that get magnified until age 15.29   
Another piece of evidence exploits a large preschool construction program in Argentina 
that generated differences in exposure by cohort and municipality to examining effects on 
primary school performance (Berlinski et al., 2009).30  The results suggest that an increase of one 
preschool place per child increased third-grade math and Spanish test scores by 4.69 and 4.76 
points, respectively, implying that one year of preschool increased performance by 8% of the 
mean or by 23% of the standard deviation of the test scores distribution. 
The literature on the role played by preschool exposure in the production of adult 
cognitive and non-cognitive skills is broad.  Especially interesting for the developing-country 
setting is the evidence coming from Behrman et al. (2014), who estimate adult cognitive skills 
production functions of adults aged 25-42 years living in Guatemala, using panel data over 35 
years.  Their indicator of preschool experience, based on height-for-age Z scores at age six, 
returns a significant positive effect on reading comprehension and vocabulary skills as well as on 
Raven’s scores of nonverbal skills, even after controlling for educational attainment and post-
school skilled job tenure.  
As for long-run outcomes, Havnes and Mogstad (2011), for example, provide evidence 
for Norway.  The authors found that the expansion of universal child care implemented in 
Norway increased the college attendance probability by almost seven percentage points, and 
                                                
29 Results were qualitatively similar under an IV approach intended to control for nonrandom selection of siblings 
into preschool. 
30 Exposure was defined as the stock of new preschool places available per child in each municipality at the time 




decreased the high-school dropout probability by nearly six percentage points, the probability of 
being a low earner by about 3.6 percentage points, and the probability of being on welfare by 
almost five percentage points.   
Lastly, it is worthwhile to note that various maternal outcomes have also been examined 
in the quasi-experimental literature.  A recent contribution to the body of knowledge assesses the 
effect of child attendance to the New York City pre-K program on low-income mothers’ health 
and fertility outcomes (Hong, 2017).  Results from a difference-in-regression-discontinuities 
design suggest a small negative effect on the likelihood of prescriptions for those mothers 
without younger children.  No discernible effect was found on well-being, healthcare utilization, 
or fertility of mothers. 
The next chapter describes the data sources and empirical framework used in the 




Chapter 3: Methodology 
 
This chapter begins by describing the data sources used in the following three chapters. It 
thereafter discusses the empirical framework followed in the analyses conducted in the following 
chapters.  It touches on the reduced-form approach I adopt in Chapters 4 and 5, as well as 
discusses the assumptions underlying the fuzzy discontinuity estimates reported in Chapter 6. 
 
3.1 Data 
The individual-level data used throughout the dissertation come primarily from the 
Peruvian National Institute of Statistics and Informatics (in Spanish, Instituto Nacional de 
Estadística e Informática, INEI).  Supplementary data come from the Peruvian Ministry of 
Education (MINEDU) and the Ministry of Development and Social Inclusion (MIDIS).  All the 
data sets used herein are publicly available via the mentioned government agencies. 
I use two nationally representative surveys, ENAHO and ENDES, accessed from the 
INEI.31  The ENAHO survey is a nationwide household survey and is representative at the 
national, regional, rural, and urban levels.32  This continuous survey collects information on 
household and individual characteristics, including the relationship to the head of the household 
and date of birth for all household members.  The data allows identifying labor-related variables 
for household members aged 14 and over, and education-related information for those aged three 
and older.  Of interest for my empirical analysis of Chapter 6 are the variables on employment 
status, weekly hours worked, and school attendance.  As described in Chapter 6, I explore the 
                                                
31 In Spanish, ENAHO and ENDES respectively stand for Encuesta Nacional de Hogares sobre Condiciones de 
Vida y Pobreza and Encuesta Demográfica y de Salud Familiar.  




question of the causal effect of children’s preschool attendance on maternal employment status 
and weekly hours worked.  Also, the survey contains information on the last year of school 
attended, so it is possible to identify which year of formal schooling, if any, was attended on the 
preceding school year.   
The ENDES is the Peruvian demographic survey that is carried out annually between 
March and December and serves as the main source of health indicators.  As in the case of the 
ENAHO survey, the ENDES is representative at the national, rural, and urban levels, and 
provides information at the household and individual level.  The survey targets women aged 15-
49 and their children younger than six years of age, for whom it is possible to extract their date 
of birth.  The ENDES allows us to link each child with her mother ages 15-49 years and provides 
education variables for household members aged three and older.  Labor market variables are 
much more comprehensive in the ENAHO than in the ENDES dataset. Unlike the ENAHO 
survey, the ENDES does not inform on the intensity of work, so, I use the ENDES survey in 
Chapter 6 to further investigate the effect of preschool participation on maternal employment.  
Furthermore, the ENDES survey provides information on the location of the economic activity 
performed by a working mother (outside the home or not), for which I elaborate on this in 
Chapter 6.  One limitation, however, is that I cannot assess robustness in terms of this variable 
using an alternative data set. 
Also accessed from the INEI, I use data from Peru’s latest census, the 2017 XII 
Population and VII Household Census. 33  The census was held on October 22, 2017, and 
covered a population of 29,381,884 inhabitants (Peruvian National Institute of Statistics and 
                                                




Informatics, 2018).34  The microdata provides information on the last year of education 
completed, birthdate, the language learned in childhood, and other demographic characteristics.   
Peru offers a linguistically and culturally rich context.  The Constitution acknowledges 
Spanish as the official language, as well as Quechua, Aymara, and other indigenous languages in 
the areas where they are predominantly spoken. 35  According to the 2017 census estimates, most 
of the population aged five and older learned Spanish in childhood (82.6%, nearly 22.2 million), 
but still a 13.9% learned Quechua (roughly 3.7 million), and 1.7% Aymara (about 0.444 
million).36   The census includes a self-identified ethnicity variable according to which the 
population aged 12 and older that recognizes themselves as of Quechua and Aymara origin 
amounts to 22.3% and 2.4%, respectively.  In my empirical analysis, I will make use of variables 
related to the language learned in childhood to identify indigenous status rather than to the self-
identification variable.  I use the census in Chapters 4 and 5 to answer the specific questions of 
interest for those chapters.  Information on hours worked is not available in the census, reason 
for which it is not possible to assess robustness on the effects on labor margin intensity explored 
in Chapter 6 using the population census. 
Also, I draw on Peru’s second and latest National University Census (in Spanish, Censo 
Nacional Universitario) conducted in 2010 by INEI and the Peruvian National Assembly of 
University Rectors (in Spanish, Asamblea Nacional de Rectores, ANR).  This university student 
census data has been barely used by educational researchers.37  The census covered a total of 100 
universities, 65 of which were private.  The data does not include students enrolled in non-
university higher education institutions and was collected in an online self-registration survey 
                                                
34 Peru’s estimated population is 31,237,385 million. 
35 Article 48 of the 1993 Peruvian Constitution. 
36 Quechua and Aymara are the two most widely spoken indigenous languages in Peru. 





form.  The self-registration was in place simultaneously for 90 calendar days and was mandatory 
for students enrolled in the first semester of 2010 as well as for faculty members and 
administrative staff of the universities.  INEI was in charge of the instrument design, overall 
supervision, and training to university personnel during three calendar days.  Variables on socio-
demographic characteristics, living conditions, and college-related variables are available, and it 
is possible to identify the exact birth dates of college students as well as their year of high school 
graduation and college entry.  The two latter variables are used in Chapter 5 to compute the 
college enrollment delay of Peru-born adults. 
Lastly, supplementary information is used in Chapter 6 to elaborate on the age group 0-2 
years.  Children not eligible to enter the first year of mandatory preschool could potentially be 
attending the optional Cycle I of the early education system or could be beneficiaries of the Cuna 
Mas childcare program.  Data on enrollment of children aged 0-2 years comes from the annual 
school census run nationally by MINEDU.  The yearly census is a survey completed by school 
principals of both public and private centers at preprimary, primary, and secondary levels.  
Coverage is high, and historically between 2 and 4% of schools do not complete the school 
census (Cueto, Guerrero, León, Seguin, Muñoz, 2012).   
Apart from the educational supply coming from the Ministry of Education, MIDIS 
coordinates a large-scale early childhood development program for children under 36 months of 
age living in poverty.  MIDIS officially launched the Cuna Mas program in 2012, on the basis of 
a former program known as Wawa-Wasi (WW, henceforth).38  In 1993, Peru launched a 
nationwide program intended to provide integral care to children younger than 48 months, living 
in poor and extremely poor areas.  The program provided care under three different modalities.  
The first one, a family-based WW, used to take place at the house of a mother in the community.  
                                                




The local mother cared for up to eight children between 6 and 47 months of age and was 
regularly visited by field coordinators.  Under the second modality, between 16 and 24 children 
were cared for by two or three caregiver mothers from 8am-4pm, five days a week, in a center 
provided by the community.  Further, the program was offered to both public and private 
institutions interested in providing care for employees’ children.  Parents would pay for childcare 
services for children between three and forty-seven months of age.  In all the three modalities, 
children would receive three meals a day.  According to an official report39, in 2003 the 
composition was 87% for family-based WW, 11.4% communal WW, and 1.6% institutional 
WW. 
After identifying a series of challenges, the program evolved into the current Cuna Mas 
program (CM).  One critical change was shifting from a childcare program to an early childhood 
program that could enhance the holistic development of children (Josephson, Guerrero, 
Coddington, 2017).  CM unfolds through two intervention strategies, the so-called CM-SAF 
(Servicio de Acompañamiento a Familias, home visiting service) and the CM-CD (Cuidado 
Diurno, daily care).  CM-CD operates in urban areas and offers daily childcare at a CM center to 
children not yet eligible to enter the second cycle of preschool education (Josephson et al., 2017).  
This latter intervention is of particular interest for the empirical analysis in Chapter 6, where I 
investigate the causal effect of preschool attendance on maternal labor outcomes.  For this 




                                                
39 Instituto Nacional de Salud (2004). Evaluación de Impacto del Programa Nacional Wawa Wasi. Informe Final. 




3.2 Identification Strategy 
This section discusses notions important to the empirical analyses presented in Chapters 
4-6.  In Chapters 4 and 5, I follow a reduced-form approach, while in Chapter 6, I use school 
eligibility status as an instrumental variable for preschool attendance and derive two-stage least-
squares (2SLS) estimates.  Hence, in the three analyses, I ended up comparing individuals born 
immediately before the school cutoff date (and therefore eligible to enter school a given year) 
with those born immediately after the cutoff (who were ineligible to enter school). 
In regards of Chapter 6, as mentioned, I estimate the causal effect of preschool attendance 
on maternal labor supply in Peru.  Ordinary Least Squares (OLS) estimates of the effect of 
preschool attendance (S) on mothers’ labor outcomes (Y) would be biased and likely 
inconsistent.  Indeed, there may be alternative sources of endogeneity that compromise the 
orthogonality condition necessary for consistency.  A reason for this phenomenon is that there 
are likely factors related to both entering preschool and maternal labor outcomes, which are 
unobservable and, therefore, omitted in the estimating equation.  Examples of such omitted 
variables include a child’s and parents’ cognitive ability. 
As well, selection into preschool attendance (and education, in general) cannot be 
assumed to be random since parents choose to send their children to school (in lieu of, for 
example, being homeschooling parents) and hence the age at which their child enters school.   
When estimating the effects of preschool attendance on maternal labor supply we also 
have to acknowledge the non-random selection into work.  Mothers of children with learning 
disabilities, for example, may be more likely to postpone both children’s entrance to school and 
their entrance to the labor market and this, in turn, may drive the correlation of school 




not be surprising because maternal labor supply and children’s school attendance are jointly 
determined (Berlinski et al., 2011).  Preschool attendance may influence maternal employment 
decisions, and reversely, mothers’ employment may impact children’s outcomes.40  Hence, in a 
reduced-form equation between maternal labor outcomes and preschool attendance, school 
participation is by no means exogenous but correlated with the error term; estimates then cannot 
be consistently estimated by OLS as the orthogonality assumption is violated.  As can be seen in 
Chapter 6, in light that the variation in children’s preschool attendance induced by a school-entry 
regulation is plausibly uncorrelated with maternal labor decisions, as well as with individual 
characteristics that affect school participation, I use preschool enrollment eligibility as an 
instrumental variable for actual preschool attendance.  
At this point it is pertinent to mention that correlation between season of birth and 
unobserved family variables could emerge via seasonality of conception (Bound, Jaeger, and 
Baker, 1995; Bound and Jaeger, 2000).  Season of birth has been explored as a predictor of an 
array of both socio-economic and biological factors.  In US-based studies, winter births were 
found to be overrepresented among mothers from lower socioeconomic background, suggesting 
the influence of maternal characteristics on birth seasonality (Buckles and Hungerman, 2013).  In 
a recent study on the Bolivian Amazon, Brabec et al. (2018) find a statistically significant 
correlation between birth season and height-for-age Z scores (HAZ) among 1,108 children.  
According to the authors’ results, children born during the rainy season (between February and 
May) were found to be shorter compared with their age-sex peers born during the rest of the 
year.  Overall, variation in birth date has been examined in past research through variation in 
month of birth, quarter of birth, and exact date of birth.  I take advantage that the exact date of 
                                                
40 The evidence on the effects of maternal employment on children’s outcomes is scarce in developing countries.  
See, for instance, Reynolds, Fernald, and Behrman (2017) for a discussion on pathways by which maternal work 




birth is provided in the data and include polynomials of exact birth date to capture seasonal 
effects of birth dates around the cutoff point.  Standard errors for all the estimates presented 
herein have been clustered by day of birth. 
The identifying assumption in an instrumental variable approach is that the instrument is 
exogenous to outcomes, implying a zero-correlation between the instrument and unobserved 
children or family variables that could directly affect the outcomes.  This may not hold if parents 
can manipulate their children’s date of birth, so it is important in this setting to explore whether 
such manipulation of children’s date of birth took place around the cutoff point.  If that has been 
the case, children born on either side of the cutoff point would likely be systematically different 
in unobservable characteristics. 
I conducted internal validity checks to ensure that the main identifying assumptions of 
the empirical framework hold and that estimates are not whatsoever driven by an imbalance of 
baseline variables above and below the threshold date of birth, nor self-selection or sorting 
around the cutoff.  In the empirical analyses developed in this dissertation, I investigated the 
presence of breaks at the cutoff date in socio-demographic, baseline variables (which were 
regarded as outcomes in separate regressions).  In doing so, I assessed whether the baseline 
characteristics are continuous at the cutoff date.  I also performed the discontinuity density test 
proposed by Cattaneo, Jansson, and Ma (2019) to assess the presence, at the cutoff date, of a 
significant discontinuity in the sample density.  Such a manipulation test is based on local 
polynomial density estimation methods, and its null hypothesis is that the density of the running 
variable is continuous at the cutoff.  Failing to reject the null hypothesis for the absence of a 
discontinuity provides suggestive evidence that results are unlikely driven by sorting or 




Chapter 4: School-entry Eligibility Effects  
 
A well-known school entry policy adopted in many countries is the one by which 
children are admitted into school when they reach a designated age by a given cutoff-date of the 
school year.  In many US states, for instance, children must be five years old on or before 
September 1 of the school year to be eligible for admission to 5-year-old kindergarten (Diffey, 
2018).  Many Brazilian states require children to be four years of age by March 31st to be eligible 
for 4-year-prekindergarten.  The Mexican State of Coahuila has recently set July 31 as the cut-off 
date for the age of entrance to pre-primary and primary education, i.e., five months earlier than 
the official Mexican cutoff date.  I herein focus my attention on the case of Peru. 
Peru’s current eligibility cutoff date is March 31st and was enacted in 2011 when the 
country passed a new admission rule on the age of eligibility for enrolling preschool, 
prekindergarten, kindergarten, and first grade students. 41  Prior to such a cut-off date, June 30th 
and July 31st had worked as threshold points.  The current school enrollment rule entitles pre-
primary-aged children (aged 3-5 years) to enroll in either preschool, prekindergarten, or 
kindergarten if they respectively are 3, 4, or 5 years of age by March 31st of the school year.  
Likewise, children are eligible for admission to first grade if they reach the age of six by March 
31st of the school year beginning in that calendar year.42  Hence children who turn six in April or 
later months must wait until the year to become eligible for first grade enrollment.  
The official goal of raising the age of eligibility for entry into school was based on an 
individual child’s maturation view, whereby entering children benefit from greater maturity and 
                                                
41 Peru’s Ministry of Education, Ministerial Resolution No. 0348-2010-ED. 
42 Preschool (for 3-year-olds), prekindergarten (for 4-year-olds), and kindergarten (for 5-year-olds) correspond in the 




adapt best to the formal educational reality.  The change in the school entry cut-off date, far from 
being immediately accepted, sparked parent protests across Peru, and some parents even sued the 
Ministry of Education.  Arguments for and against increasing the minimum school entry age 
became subject of controversy among educators, parents, and even Congress members.  In 2012, 
the government announced fines for those schools that enrolled ineligible children as a way of 
spurring compliance.  And in that same year, parents were entitled to solicit exemptions for 
enrollment in the first, second, and third level of cycle II if children born after March 31st had 
already attended such levels in the preceding year.  The exemptions were maintained in 2013 for 
4- and 5-year-olds.  According to the Ministerial Resolution No. 572-2015-MINEDU, 2016 was 
as well an exception year for primary school, as the Peruvian government decided to allow 
children aged 6 years by June 30th to enroll in first grade.  Despite that enforcement and 
compliance of the national school-entry policy took some time, a glaring pattern in preschool 
attendance emerged in Peru as a result of the enforcement of the new school-entry policy, as 
shown in Chapter 6. 
In this chapter, I provide a picture of the effect of the three school-entry cutoff rules that 
have been enacted in Peru.  I follow a reduced-form approach and report discontinuity estimates 
of the effect of school entry eligibility on selected educational outcomes.  The estimates provided 
inform on the effect of receiving school entry eligibility about one year earlier than a similar 
control group.  The size of the change in the outcomes between age-eligible and non-eligible 
children at the first-grade cutoff dates does not reflect the actual effect of entering first grade a 
year earlier, but rather concerns with intent-to-treat (ITT) estimates.  
Previous to the March 31st rule, children in Peru were eligible to enroll in first grade if 




June 30th threshold date, July 31st had been the long-standing school entry cutoff date.  Table 
4.1 summarizes the school enrollment regulations for 2007 onwards.  The table distinguishes the 
regulations for the cycles of the pre-primary education system, thoroughly described in Chapter 
6, from the regulations concerning the elementary or primary level. 
 








(first grade, Aged 6) 
Ministry of  
Education 
Resolutions 
2007 No specific information on enrollment cutoff 6 years of age by 7/31 RM 0712-2006-ED 
2008 No specific information on enrollment cutoff 6 years of age by 7/31 RM 0494-2007-ED 
2009 Corresponding age by 6/30 RM 0441-2008-ED 
2010 Corresponding age by 6/30 RM 0341-2009-ED 
2011 Corresponding age by 3/31 (*) RM 0348-2010-ED 
2012 Corresponding age by 3/31 (*) RM 0622-2011-ED RM 044-2012-ED 
2013 Flexible Age by 3/31 6 years old by 3/31(*) RM 044-2012-ED 
2014 Flexible Age by 3/31 6 years old by 3/31(*) RM 0622-2013-ED 
2015 Flexible Age by 3/31 6 years old by 3/31(*) RM 556-2014-MINEDU 
2016 Flexible Age by 3/31 6 years old by 3/31 (*) RM 572-2015-MINEDU 
Note: (*) Exemptions apply.  See text for details. 
 
To better frame my findings, I first touch on the effects of the most recent change in the 
cutoff date for first-grade enrollment.  Three main effects of changing the school entry cutoff 
date earlier in the year, described in the second chapter, are depicted below in Figures 4.1 
through 4.3.  The figures cover the period 2009-2018, thereby highlighting post-reform cohorts 
as those comprised by children who faced the March 31st school-entry cutoff date.  Figures 4.1-
4.3, as well as Figure 4.5 displayed below, refer to the sample of children who completed first 
grade the previous year, and for whom I expressed in decimal years age at the time of entrance 




December, so I computed enrollment age at 1 March, i.e., at the beginning of the school year. 43 
As a first effect, the mean school starting age of the entire cohort increased for the post-
reform cohorts, as depicted in Figure 4.1.  Second, the policy experiment changed the 
distribution of absolute age at the time of first-grade enrollment.  Children born between April 
and June are directly affected by the school-entry law change and are termed the treated group; 
the remaining children, indirectly affected, make up the comparison group.  Figure 4.2 shows 
that the parallel trend in age at entry to first grade observed until 2011 is interrupted for the post-
reform cohorts.  Third, the reform switched the position in the distribution of age.  Children born 
in April-June from post-reform cohorts became relatively older than their classmates, as the 




                                                
43 For example, for children in the 2016 survey, the exact enrollment age in decimal years was defined as the 











Figure 4.2: First-grade enrollment age by treatment status 
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As stated, I adopt a reduced-form approach and explore the effect of first-grade eligibility 
for the different school-entry cutoff rules that have been enacted in Peru.  Figures 4.4-4.6, based 
on the 2017 Peruvian population census described in the preceding chapter, illustrate the discrete 
change in the likelihood of completing a certain grade as a function of day of birth.  The figures 
certainly refer to individuals who have not completed their education but shed light on the 
school-entry regulation effects for school-aged children who faced different cutoff dates by the 
time they were eligible to enter first grade.  For illustrative purposes, and considering that the 
census took place in October, day of birth in the graphs ranges from 1 to 274, i.e., including 
children born between January and September.  
 Figure 4.4 concerns children who were eligible to enter first grade if they were six years 
old by March 31st.  The figure displays the proportion of children aged eight years who reported 
having completed the third grade of elementary school.  A change of about 40 percentage points 
emerges in the outcome between children born before and after April 1.  The red line at day 92 
indicates April 1.  Figure 4.5 plots the proportion of individuals aged 12 years who reported the 
first year of high school as their highest level of completed education.  The breaks at days 183 
and 214 respectively coincide with the school-entry cutoff date set in 2009 (June 30th) and the 
long-standing cutoff (July 31st).  Lastly, Figure 4.6 shows the proportion of 17-year-olds, who 
were eligible to enter first grade if aged six by July 31st, who completed at least high school.  In 






Figure 4.4: School-entry cutoff date, March 31st 
 


























Figure 4.5:  School-entry cutoff date, June 30th 
 
Note: The left and right red lines respectively indicate days 183 (June 30) and 214 (July 31). 
 
Figure 4.6:  School-entry cutoff date, July 31st 
 



















































4.2 Estimating equation 
I consider the school eligibility effects of the March 31, June 30, and July 31 entry 
regulations, following Figures 4.4-4.6.  On the basis of a reduced-form approach, I report 
discontinuity estimates of the size of the gap in educational outcomes at the different cutoff dates 
for first-grade eligibility enacted in Peru.  I consider as outcomes the probability of completion 
of third grade, the first year of high school, and the probability of having high school as the 
minimum level of education by the census date, October 22nd, 2017.  For the first outcome, I 
focus on 8-year-olds, a group of children who faced the March 31 cutoff date for the entire pre-
primary cycle as well as for first grade.  For the second outcome, I investigate the differential 
effects of the discontinuities induced by the June 30th and July 31st cutoff dates, as imperfect 
enforcement for July-borns emerges from Figure 4.5.  For the third outcome, which is evaluated 
among 17-year-olds, I investigate the school eligibility effect induced by the July 31st cutoff.  
Based on Cattaneo et al. (2019), I tested the null hypothesis that the density of the distance in 
days between a child’s date of birth and a given cutoff point is continuous at such a cutoff.  In 
the case of the March 31 cutoff date, the p-value of the test was 0.3798 (statistic equal to 
0.8782).  Likewise, for the two other cutoff dates, the test revealed that there is no enough 
evidence to reject the null hypothesis of a smooth density at the cutoff.   
Following the methodology discussed in the previous chapter, I parametrically estimate 
the discontinuity that takes place at the cutoff.  My estimating equation for the first and third 
outcome is as follows: 
𝑌! = 𝛼 + 𝛽𝑍! + 𝑓(𝐵!)+ 𝜀!  (4.1.) 
In equation (4.1.), 𝑍 is a dummy variable equal to 1 for individuals born after the school-




between birth date and the cutoff date, interacted with 𝑍; and 𝜀! is an idiosyncratic disturbance 
term.  The parameter of interest 𝛽 is interpreted as the size of the differences in completion at the 
cutoff date for first-grade eligibility. 
For the second outcome, my estimating equation that contemplates the two breaks 
induced by the June-30- and July-31-regulations is as follows: 
𝑌! = 𝛼 + 𝛽!!!!! 𝑍! + 𝛾!𝐷!!!!! + 𝛿!!!!!!   𝑍!𝐵!! + 𝜀!  (4.2) 
, where 𝐷 indicates day of birth, ranging from 1 to 366; and 𝑍, 𝐵, and 𝜀 are defined as 
before.  The 𝛽! are again the parameters of interest, and the 𝛾! and 𝛿! are the polynomial terms.  
In the estimation of both equations (4.1) and (4.2), I included, as control variables, a dummy 




Table 4.2 displays the school-entry eligibility effects for the three educational indicators 
under consideration.  Columns (1) and (2) relate to the likelihood of having completed third 
grade for children who were eligible to enter first grade if aged six years by March 31st.  
Columns (3) to (6) refer to the likelihood of having completed the first year of high school and 
contemplate the two discontinuity changes displayed in Figure 4.5.  The last two columns inform 
about high school as educational attainment for 17-year-olds.  These are contemporaneous 
effects, and certainly, the time spent in school is different for children born before and after the 
cutoff, but the estimates inform on the sizes of the discontinuities induced by the three school-
entry regulations that prevailed in Peru.  Furthermore, both graphical evidence and the regression 




unconditional estimates are followed by those obtained after adding baseline covariates.  As 
shown, the inclusion of covariates has no impact on the estimates, except for the third outcome, 
for which the point estimates and the standard errors slightly decrease.  The negligible impact of 
the demographic factors on the estimates and the density test conducted suggest that the 
discontinuous changes were induced by the school-entry regulations.  For illustrative purposes, 
in the case of the probability of having completed the first year of high school, I report estimates 
for all individuals -- Columns (3) and (4), as well as for those born between January and 
September -- Columns (5) and (6).  The difference in the outcome in the vicinity of the August 1 
cutoff slightly increases, but the estimates are robust if I restrict the estimation sample to 
narrower windows. 
 
Table 4.2: School-entry eligibility effects in Peru, 2017 Population Census 
  Third grade First year of high school At least high school 
 
(1) (2) (3) (4) (5) (6) (7) (8) 
   
        
  Born 
on/after 4/1 
-0.427*** -0.427*** 
      (0.005) (0.005) 
      
         Born 
on/after 7/1   
-0.076*** -0.076*** -0.076*** -0.076*** 
  
  
(0.006) (0.006) (0.006) (0.006) 
  Born 
on/after 8/1   
-0.103*** -0.103*** -0.110*** -0.110*** -0.048*** -0.047*** 
  
(0.006) (0.006) (0.006) (0.006) (0.009) (0.008) 
         Observations 270,569 270,569 538,222 538,222 404,593 404,593 163,521 163,521 
R-squared 0.234 0.234 0.169 0.171 0.076 0.079 0.013 0.027 
Birth months Jan-Jun Jan-Jun Jan-Dec Jan-Dec Jan-Sep Jan-Sep Jan-Dec Jan-Dec 
Controls No Yes No Yes No Yes No Yes 
Source: Based on Peru’s 2017 Population Census.  See text for details.   





Moving from the left to the right of the table, the estimates decline in line with effects 
being more modest as age increases.  Although I cannot assume compliance to be constant over 
time, the suggestive shrinking of the grade gap as individuals get older is consistent with 
previous research showing that relatively youngest students are retained more often than their 
peers (Dobkin and Ferreira, 2010; Matta et al., 2016).  The gap in completion for children around 
eight years of age, and who were exposed to the March 31st cutoff date at the time they became 
eligible to enter first grade, is nearly 43 percentage points in the vicinity of the current school-
entry threshold.  Approximately 10% of the children born after the cutoff reports having 
completed the same grade, thereby informing on the imperfect compliance of the school entry 
law.  Still, the majority of children born just prior to the cutoff date are at least one year ahead in 
comparison to children born just afterwards.  Notably, there is no evidence of differential 
completion between children born shortly before the March 31st cutoff and their older peers born 
about three months before.  As described below, the findings concerning the other two cutoff 
dates are consistent with the presence of relative age effects.  
The probability of having completed the first year of high school declines, induced by the 
entry regulation, is between 10-11 percentage points in the vicinity of the August 1 cutoff.  The 
completion rate of children born just prior to the June 30 cutoff date is about .35, while the rate is 
approximately .49 among children born six months before the cutoff.  In other words, the 
completion rate of children born the first days of January is about 1.4 times that that of children 
born shortly before June 30.  This finding is in line with prior research suggesting that relatively 
younger students are retained more often than their older classmates.  Dobkin and Ferreira 




date are retained in Texas at some point between kindergarten and ninth grade in comparison to 
11% of those born 180 days before the cutoff date. 
For individuals aged around 17 years, who were exposed to the July 31 cutoff date, the 
estimated effect decreases to less than a half in the vicinity of the threshold.  Approximately 70% 
of the children born at the beginning of the year completed at least high school vis-à-vis 65% of 
those a few days before July 31.  The difference found between relatively older and younger 
peers is smaller among 17-year-olds but still discernible.  In this respect, the discontinuity 
estimates obtained are in line with previous literature that highlights that younger students in a 
cohort are held back at a higher rate than their older classmates. 
 
4.4 Concluding Remarks 
I examined the effect of the three school entry age rules that have governed first-grade 
eligibility in Peru.  Using the 2017 population census data, I followed a reduced-form approach 
and reported estimates of the size of the change in completion rate at the different cutoff dates 
that have been enacted in Peru. To frame my findings into the discussion on relative age effects 
and maturational differences, I first touched on the effects of moving the entrance cutoff for the 
first grade, using the ENAHO data. 
Having proved that the discontinuous changes observed seem to be induced by the 
school-entry regulations and that demographic factors have no substantive impact on the 
estimates, I documented findings in line with prior studies that have shown that relatively 
younger students in a class are held back more often than their older peers.  I showed that the 
completion rate of 12-year-olds born shortly before the June 30 cutoff date is about .35, while the 




of the children born during the first days of January completed at least high school vis-à-vis 65% 
of those born just before July 31st.  The change in the outcomes found between relatively older 
and younger peers is smaller among 17-year-olds than is for 12-year-olds, but still discernible.  
Likewise, the discontinuity estimates decline, in line with effects becoming more modest as age 
increases.  The gap in completion for children around eight years of age, who were exposed to 
the March 31 cutoff date at the time they became eligible to enter first grade, is about 43 
percentage points in the vicinity of the current school-entry threshold.  On the other hand, the 
probability of having completed the first year of high school declines between 10-11 percentage 
points in the vicinity of the August 1 cutoff.  Overall, the estimates obtained are in line with 
previous literature that highlights that younger students in a cohort are held back at a higher rate 
than their older classmates.  Lastly, the empirical analysis uncovered imperfect compliance of 








Chapter 5: School-entry Law Effects on College-related Outcomes 
 
In this chapter, I deepen the investigation of the effects of school-entry eligibility on 
educational outcomes among adults, which I touched on in the preceding chapter.  I focus on a 
sample of adults and document on the effect of school entry eligibility on educational attainment 
and the probability of delaying college entry in Peru.  I adopt a reduced-form approach and 
estimate the effect of the discontinuity in the first-grade eligibility on the outcomes of interest, in 
the spirit of an intention-to-treat (ITT) effect.  In my setting, I use school entry age variation due 
to whether birthdays fell before or after the school cutoff date present in Peru when they were 
about to start first grade of elementary school.  Data come from the 2017 population census and 
the 2010 university student census, both described in Chapter 3. 
As it would be expected from the initial analysis presented in Chapter 4, where I report a 
small estimate at age 17, effects in Peru have mostly disappeared for individuals expected to 
have completed their education.  I do not include individuals older than 27 as I expect the cutoff 
in the past to be more loosely enforced in a developing context than would be a cutoff nowadays.  
When considering individuals aged 27, who faced the school-entry threshold date of July 31st, all 
the estimates tend to zero.  The only statistically significant estimated coefficient suggests that 
individuals born immediately after the cutoff date for first grade are 0.8 percentage points less 
likely to have completed tertiary education than those born a few days earlier.   
To go a step further in the analysis of attainment, I also explore the effect on the 
likelihood of delaying college enrollment, bearing in mind that a fraction of high school 
graduates delay college entry after high school completion while others enroll in college 




2010 school year, the gap between high school completion and college entry reached five years.  
Note that by focusing on college enrollees, I am dealing with a post-treatment outcome.  
Certainly, not everyone attends college, and conditioning the sample on a post-treatment 
outcome may undermine causal inference.  To support the validity of the analysis, I tested the 
continuity of the running variable density function around the cutoff point, as well as assessed 
the smoothness of baseline characteristics at the threshold.  At this stage, it should be noted that 
the estimates on delayed college entry are solely informative about the time Peruvian high school 
graduates take to transition to college for those who were attending college in 2010.44  My 
specific aim here is to contribute to the discussion on the transition to college from high school 
by providing empirical evidence for developing contexts. 
The overall findings are in agreement with the idea that being born immediately after the 
school entry cutoff lowered the mean probability of delayed college enrollment but age at 
entrance to first grade in Peru ended up having little to no effect on long-term educational 
attainment.  Note that the results need to be interpreted for children born around the school-entry 
cutoff, given the local nature of the discontinuity estimates presented here. 
 
5.1 Sample 
From the 2010 university student census, I compute college enrollment delay of Peru-
born adults based on year of high school graduation and year of college entry.  The summary 
statistics presented below in Table 5.1 refer to the difference in years between the year of college 
entry and the year of high school completion.  In a reduced-form approach described later on, the 
                                                





outcome will be defined as the probability that college entry delay is equal to or greater than two 
years, as an overall indicator of delayed college enrollment.   
My working sample comprises the birth cohort of 1990 that turned 20 years old in 2010 
and 27 years in the year the latest population census was conducted.  In the year they turned six 
years of age, the cutoff date for the first grade of elementary education was July 31.  Students 
born before August 1990 were legally eligible to enroll in primary education in 1996.45  The 
sample excludes non-Peruvian students under the possibility that they might have attended an 
elementary school outside of Peru and faced an alternative school-entry cutoff date.  I first focus 
on the students born in 1990 between March 1 and December 31, i.e., in a five-month-window 
around the threshold date, with full information on the variables of interest.  Basic summary 
statistics of the working sample are presented in Table 5.1.  About half of the cohort was born 
after the cutoff, and 52.9% are women.  The fact that women are overrepresented would not be 
surprising as the education gender gap reversed in Peru years ago in favor of women.  
 
Table 5.1: Summary Statistics, University census data 
  Mean Std. Dev. N 
Born after the cutoff 0.5066 0.5000 70767 
Male 0.4712 0.4992 70767 
Spanish 0.9835 0.1272 70767 
Mother's education 0.8485 0.3585 70767 
College entry delay  1.7168 0.9622 70767 
College entry delay (females) 1.6707 0.9422 37420 
College entry delay (males) 1.7686 0.9815 33347 
Note: See text for details. 
                                                
45 Considering that the school year in Peru runs from March through December, the rest of the cohort were eligible 




The variable ‘Spanish’ refers to the language learned during childhood and was included 
for Peru’s diverse linguistic context previously described.  It is defined as a binary variable equal 
to one if Spanish was the primary language spoken at home.  Almost all of the college students 
learned that language during childhood, denoting the negligible access native-Quechua speakers 
and indigenous communities at large to higher education.  ‘Mother’s education’ is a binary 
variable for whether the college student’s mother completed high school or more education.  It 
reveals that there are nearly six students born to a mother with at least 11 years of schooling for 
one student whose mother did not complete high school.  The college entry delay was on average 
1.72 years, ranging from zero to five years.  Also in line with an educational gender gap favoring 
women, male students delayed their entry to college 1.77 years on average, while women spent 
an average of 1.67 years after high school completion to begin college.   
As noted above, the 1990 birth cohort turned six years old in 1996, the year in which the 
school-entry cutoff date was July 31.  Figure 5.1 plots the unconditional likelihood of college 
entry delay among college enrollees in 2010 as a function of the distance in days between the 







Figure 5.1:  Unconditional likelihood of delaying college entry 
 
Note: See text for details. 
 
Over a 5-month window centered on the cutoff date, B ranges from -153 (birth date on 
March 1) to 152 (birth date on December 31).  The dashed line at B = 0 indicates August 1.  The 
graphic suggests that among students of approximately the same age, those born immediately 
after the school-entry cutoff date transitioned from high school to college more rapidly than did 
those born just before the cutoff.  Below I will show that the discrete break in college enrollment 
delay around the cutoff is statistically different from zero and robust under both parametric and 
non-parametric estimators. 



























drawn from the 2017 population census, i.e., the birth cohort of 1990.46  I follow Black et al. 
(2011), who consider age 27 as the minimum age in their analysis of the effect of school entrance 
age on educational attainment.  As stated, I exclude from the sample older individuals because I 
do not have information on compliance with the school-entry rule at the time they entered the 
first grade of primary education.  
 
5.2 Estimating equation 
I adopt a reduced-form approach and estimate the effect of the discontinuity at the 
school-entry cutoff on the outcomes of interest.  The reduced-form specification is given by 
equation (5.1).  The variable 𝑌 indicates either attainment or the likelihood that the gap (in years) 
between high school graduation and college entry is equal to or greater than two years; the 
running variable 𝐵 is defined as the distance in days between a student’s birthdate and the cutoff 
date; 𝑍 is a dummy variable that equals 1 if the student was born after the school-entry cutoff, 
and zero otherwise; 𝜀 is an idiosyncratic disturbance term. 
𝑌! = 𝛽𝑍! + 𝑓 𝐵! + 𝜀!  (5.1) 
The parameter 𝛽 captures the size of the discontinuity in the outcome at the cutoff date.  
In terms of the function  𝑓 . , I report results considering a quadratic function of birthdate, more 
specifically a piecewise quadratic spline.  I also report results from a non-parametric approach, 
by making use of the nonparametric estimator based on local polynomial techniques described in 
Cattaneo et al. (2019).47 
I tested for the presence of a discontinuity in the density of the running variable at the 
cutoff point based on the test proposed by Cattaneo et al. (2019).  Such a manipulation test, 
                                                
46  The census date was 22 October 2017.  See Chapter 3 for more details on the census. 




based on local polynomial density estimation methods, has as the null hypothesis that the density 
of the running variable is continuous at the cutoff.  I failed to reject the null hypothesis for the 
absence of a discontinuity (statistic = -.3262; p-value= .7443), providing suggestive evidence 
that results are unlikely driven by sorting or systematic manipulation of birth date around the 
cutoff point.  The histogram of the variable 𝐵, as shown in Figure 5.2, indicates that the sample 
density is balanced above and below the threshold.  The next two Tables more closely examine 
how demographic variables evolve across the threshold date. 
 
Figure 5.2:  Histogram of the running variable 
 
 
In Tables 5.2 and 5.3, I look at how demographic variables evolve across the threshold 
date.  I test for breaks in the observable variables (gender, native language, and maternal 



















coefficients are fairly small and found to be not significant, suggesting no evidence that 
demographic variables change discontinuously at the school entry cutoff.  Being birth timing 
independent of background variables in the neighborhood of the cutoff date is in support of the 
internal validity of the empirical strategy I deploy. 
 
Table 5.2:  Balance test, Parametric approach 
  (1) (2) (3) 
   
Mother's 
 
Male Spanish  Education 
        
RD 0.00266 -0.000299 0.0128 
 
(0.0118) (0.00301) (0.0101) 
    Observations 70,767 70,767 70,767 
F-stat 0.72 0.94 1.43 
Note: Standard errors clustered at the day of birth level in parentheses. 
*** p<0.01, ** p<0.05, * p<0.1. 
 
Table 5.3:  Balance test, Non-parametric approach 
  (1) (2) (3) 
   
Mother's 
 
Male Spanish  Education 
        
Robust RD -0.00667 0.000549 -0.00145 
 
(0.0156) (0.00331) (0.0119) 
    Observations 70,767 70,767 70,767 
Note: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Local linear RD effect estimated 
with triangular kernel weights. 
 
In support that college students born shortly before the cutoff date had an earlier school-
entry than their counterparts born after the cutoff, I compare the likelihood of high school 




cutoff, 74% graduated from high school in 2006 (on time, in the sense that 2006 was the year 
these students were supposed to graduate under a scenario of no grade repetition or early 
entrance), 18.75% graduated in the following two years (late high school graduates), and 6.6% 
were able to graduate even one year before 2006.  Among August-borns, the share of late 
graduates was relatively much lower (6.83%), and the fraction of students graduating one year 
before the expected graduation was significantly higher (38.75%).  The remaining 54% 
comprised the on-time high school graduates among college students born after the cutoff date. 
College students born in July and August are of about the same age; their socio-
demographic characteristics are balanced, as shown below in Tables 5.4 and 5.5, and have a 
difference of at least ten percentage points in the probability of completing high school in 2006, 
as will be seen in Tables 5.6 and 5.7.  About 50.6% of this subsample (N=14,299) was born in 
August, and the mean college entry delay equals 1.73 years.  Estimates in Tables 5.4 and 5.5 
suggest that socio-demographic characteristics have the same distribution just below and just 
above the cutoff.  
Table 5.4:  Parametric approach, Born in July-August 
  (1) (2) (3) 
   
Mother's 
 
Male Spanish  Education 
        
RD 0.00811 0.00348 -0.00748 
 
(0.0186) (0.00601) (0.0228) 
    Observations 14,299 14,299 14,299 
  July-born August-born 
Male  .4681 .4675 
Spanish  .9830 .9827 









Table 5.5:  Non-parametric approach, Born in July-August 
 
(1) (2) (3) 
   
Mother's 
 
Male Spanish Education 
    Robust RD 0.00336 -0.00206 -0.0339 
 
(0.0344) (0.00782) (0.0225) 
    Observations 14,299 14,299 14,299 
Note: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Local linear RD effect estimated 
with triangular kernel weights. 
 
After controlling for baseline variables, August-born college students were between 
10.2% and 11.3% less likely to graduate from high school in 2006 than those born just before the 
cutoff; conversely, they exhibited a statistically significant higher likelihood of completing high 
school the following year (Tables 5.6 and 5.7). 
 
Table 5.6:  Parametric approach, Likelihood of completing high school 







           
RD -0.114*** -0.113*** 0.122*** 0.122*** 
 
(0.0231) (0.0232) (0.0230) (0.0230) 
     Observations 14,299 14,299 14,299 14,299 
R-squared 0.020 0.028 0.022 0.023 
F-stat 89.81 88.03 112.87 88.49 
Controls No Yes No Yes 
Note: See text for details.  Standard errors clustered at the day of birth level in parentheses. *** p<0.01, 







Table 5.7:  Non-parametric approach, Likelihood of completing high school 










           
Robust RD -0.115*** -0.102** 0.114*** 0.111*** 
 
(0.0299) (0.0404) (0.0267) (0.0383) 
     Clustered SE No Yes No Yes 
Observations 14,299 14,299 14,299 14,299 
Note: See text for details.  Standard errors clustered at the day of birth level in parentheses. *** p<0.01, 
** p<0.05, * p<0.1.  Local linear RD effect estimated with triangular kernel weights. 
 
Internal validity checks using the population census suggest likewise that birth timing is 
independent of language learned in childhood and gender, in support of the validity of the 
empirical chosen (Table 5.8).  The estimates in Table 5.8 refer to the subsample of individuals 
born between June and September, as the census date was held on October 22, 2017.  Following 
Cattaneo et al. (2019), I further formally tested the null hypothesis of the smooth density at the 
cutoff of July 31st.  I could not reject the null hypothesis (statistic = -0.3378; p-value = 0.7355), 
and hence concluded that no sorting took place around the cutoff. 
 
Table 5.8:  Balance test of baseline characteristics, 2017 Population census 
  (1) (2) 
   
 
Male Spanish 
      
RD -0.00719 0.00013 
 
(.00809) (0.0088) 
   Observations 155,624 155,624 
F-stat 1.70 0.15 
Note: Standard errors clustered at the day of birth level in parentheses. 






The reduced-form estimates of attainment are presented in Table 5.9, which displays 
unconditional estimates in Columns (1) and (3), as well as the estimates obtained after 
controlling for background variables in Columns (2) and (4).  As shown, adding the socio-
demographic variables does not change the results.  As in the case of all the estimates presented 
herein, I clustered standard errors at the birthday level.  In Columns (1)-(2) of Panel (a), the 
outcome is defined as a dummy variable equal to one for individuals who at completed college, 
and zero otherwise; Columns (3)-(4) report on the outcome defined as a binary indicator for 
those who have tertiary education as highest level attained.  In Panel (b), Columns (1)-(2), I 
define the outcome as a dummy variable for individuals who have completed at least some 
higher education, i.e., at least some tertiary or college level education.  Likewise, the outcome is 
a dummy variable for those who have completed at least a college degree in Columns (3)-(4). 
All the estimates are close to zero, and the largest estimated coefficient in absolute value, which 
corresponds with the indicator variable for completed tertiary qualification, is the one found to 
be statistically distinguishable from zero.  Results suggest that individuals born immediately 
after the school-entry cutoff are 0.8 percentage points less likely to have completed tertiary 
education than those who were barely eligible to enter first grade in 1996; however, they are not 
found more likely to have completed college.  Also, no statistically significant difference at age 
27 is found in the probability of having completed at least some higher education.  The overall 
findings are in agreement with the idea that age at entrance to first grade in Peru had little to no 






Table 5.9:  Educational attainment, 2017 
Panel (a) 
  Completed College Completed Tertiary 
 
(1) (2) (3) (4) 
     Born on/after 8/1 0.004 0.004 -0.008** -0.008** 
 
(0.008) (0.008) (0.003) (0.003) 
     Observations 155,624 155,624 155,624 155,624 
Controls No Yes No Yes 
Source: Based on Peru’s 2017 Population Census. See text for details.  Note: Standard errors clustered at 
the day-of-birth-level in parentheses; * p<0.1, ** p<0.05, *** p<0.01. 
 
Panel (b) 
  At least some higher education At least college 
 
(1) (2) (3) (4) 
     Born on/after 8/1 0.002 0.002 0.006 0.006 
 
(0.012) (0.010) (0.008) (0.008) 
     Observations 155,624 155,624 155624 155624 
Controls No Yes No Yes 
Source: Based on Peru’s 2017 Population Census. See text for details.  Note: Standard errors clustered at 
the day-of-birth-level in parentheses; * p<0.1, ** p<0.05, *** p<0.01. 
 
 
On the other hand, the reduced-form estimates of the probability of delaying college 
enrollment (Table 5.10) also come from both unconditional regressions and regressions with 
control variables.  Standard errors in all the regressions are clustered at the exact day of birth.  As 
can be seen in Table 5.10, estimates in Column (2) are only slightly lower than those drawn from 
unconditional regressions.  This was expected a priori considering the previous suggestive 




fact that the regression estimates are robust to the vector of control variables is compelling 
indirect evidence that observable variables vary smoothly through the cutoff and that the internal 
validity of the estimates is not compromised.  
 
Table 5.10:  Parametric results. Delayed college entry 
 
(1) (2) 
   
   RD -0.0265** -0.0255** 
 
(0.0124) (0.0122) 
   Observations 70,767 70,767 
F-stat 72.5 134.22 
Controls No Yes 
Note: See text for details.  Standard errors clustered at the day of birth level in parentheses. *** p<0.01, 
** p<0.05, * p<0.1.  
 
In Table 5.11, I present the results obtained by using the non-parametric approach.  All 
the estimates are statistically significant at the 5% significance level.  The reduced probability of 
college entry delay at the discontinuity suggests that students born shortly after the school-entry 
cutoff date transitioned from high school to college more rapidly than did those born before the 
cutoff.  College enrollees who were just eligible to enter first grade were more likely to have 
delayed their college entrance in at least two years than were those who just fell short of being 
eligible.  Taken together Tables 5.10 and 5.11, I document a negative estimated effect, ranging 








Table 5.11:  Non-parametric results. Delayed college entry 
  (1) (2) 
  
  
    
 Robust RD -0.0335** -0.0321** 
 
(0.0127) (0.0141) 
   Clustered SE No Yes 
Observations 70,767 70,767 
Note: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.  Local linear RD effect estimated 
with triangular kernel weights.  
 
To further ascertain the validity of the results, I run robustness checks by considering 
fake cutoffs and alternative analysis windows.  The regression estimates come once again from 
both a specification with a piecewise quadratic spline and a local linear polynomial regression. In 
Tables 5.12 and 5.13, I focus on college students born between May and October.  The 
subsample of students born between those months remains close in their characteristics to the 
original working sample (Table 5.12).  
 
Table 5.12:  Summary statistics, Born between May and October 
  Mean Std. Dev. N 
Born after the cutoff 0.5080 0.4999 43096 
Male 0.4705 0.4991 43096 
Spanish 0.9836 0.1269 43096 
Mother's education 0.8466 0.3603 43096 
College entry delay  1.7245 0.9610 43096 
College entry delay (females) 1.6759 0.9388 22820 
College entry delay (males) 1.7791 0.9824 20276 
Note: See text for details. 
 
As it would be expected after taking into consideration the internal validity analysis 




be seen in Table 5.13.  Hence, when I narrow the sample window around the cutoff date, the 
estimates become only slightly higher in absolute values to those reported in Tables 5.10 and 
5.11 for the 5-month window around the threshold date. 
 
Table 5.13:  Parametric results, Born between May and October 
  (1) (2) 
 
Delayed college entry 
      
RD -0.0280* -0.0276* 
 
(0.0166) (0.0164) 
   Observations 43,096 43,096 
F-stat 25.02 74.67 
Controls No Yes 
Note: See text for details.  Standard errors clustered at the day of birth level in parentheses. 
*** p<0.01, ** p<0.05, * p<0.1 
 
I run tests at placebo cutoffs (May 1 and October 1) and find no discernible estimated 
effect on the outcome under either the parametric and non-parametric approach and under 
alternative time frameworks (Tables 5.14 and 5.15).  The estimates are mostly negative and none 
are statistically distinguishable from zero at conventional significance levels.  Overall, the 






Table 5.14:  Parametric approach, Robustness checks 
  (1) (2) (3) (4) 
 
Cutoff date: 5/1 Cutoff date: 10/1 Cutoff date: 5/1 Cutoff date: 10/1 
 
March-December March-December April – November April - November 
        
	  RD 0.00930 -0.0159 -0.0124 -0.0130 
 
(0.0126) (0.0121) (0.0164) (0.0137) 
     Observations 70,767 70,767 56,611 56,611 
Note: See text for details.  Standard errors clustered at the day of birth level in parentheses. 
*** p<0.01, ** p<0.05, * p<0.1 
 
Table 5.15:  Non-parametric approach, Robustness checks 
  (1) (2) (3) (4) 
 
Cutoff date: 5/1 Cutoff date: 10/1 Cutoff date: 5/1 Cutoff date: 10/1 
 
March-December March-December April – November April - November 
        
	  Robust RD -0.0190 -0.02512 -0.00673 -0.0264 
 
(0.0187) (0.0163) (0.0240) (0.0169) 
     Observations 70,767 70,767 56,611 56,611 
Note: Standard errors clustered at the day of birth level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.  
Local linear RD effect estimated with triangular kernel weights. 
 
5.4 Concluding Remarks 
Based on a sample of adults drawn from the 2017 population census and the 2010 
university student census, I investigated the effect of the school-entry eligibility on educational 
attainment and the probability of delaying college entry in Peru.  I adopted a reduced-form 
approach and estimated the effect of the discontinuity at the cutoff for first-grade eligibility on 
the outcomes of interest, in the spirit of an intent-to-treat effect.  I reported a set of robustness 




continuously distributed at the threshold date and to be alike between those born immediately 
before and after the first-grade eligibility cutoff date.   
The overall findings are in agreement with the idea that being born immediately after the 
school entry cutoff date lowered the mean probability of delayed college enrollment, but age at 
entrance to first grade ended up having little to no effect on long-term educational attainment. 
Specifically, results suggested that the probability of having completed tertiary education 
slightly changes at the cutoff date for first grade, i.e. individuals born after the school-entry 
cutoff were found to be 0.8 percentage points less likely to have completed tertiary education 
than those born before it.  However, there was no statistically significant difference at age 27 
between both groups in the probability of having completed a college degree or at least some 
higher education.  The findings are consistent with prior research showing a negligible effect of 
school entry eligibility on long-term educational attainment (e.g., Black, Devereux, and 
Salvanes, 2011).  Also, I documented that college enrollees who were just eligible to enter first 
grade were more likely to have delayed their college entrance for at least two years than were 
who those just fell short of being eligible.  The negative effect found in the present study ranges 
between 2.55 and 3.2 percentage points. 
Overall, this chapter intended to serve as a contribution to the scant literature on school-
entry eligibility effects in development contexts, as well as to the underexplored discussion on 






Chapter 6: Effect of Preschool Attendance on Maternal Labor Supply 
 
This chapter aims to study the causal effect of preschool attendance on maternal labor 
supply in Peru.  By exploiting the natural experiment resulting from the Peruvian school 
enrollment regulations, I assess whether participation in compulsory preschool affects labor 
market outcomes of mothers of children entering pre-primary school.  In doing this, I hope to 
contribute to a more comprehensive understanding of the effects of pre-primary education on 
mothers’ labor outcomes in a developing setting. 
In a developing-country setting, the entrance of the youngest child to preschool may free 
up time for grandparents or older siblings who might have been previously taking care of the 
youngest child without impacting maternal employment.  Such facts work against the likelihood 
of capturing a statistically significant effect of preschool attendance on maternal labor outcomes.  
Regardless, my purpose here is to contribute with causal-type evidence on the dynamics behind 
the preschool sector and the interplay with women’s labor sector in the context of a developing 
country, while exploiting variation in pre-primary attendance induced by a school-entry age 
regulation.  Along the same lines, considering the high levels of labor informality in Peru, my 
primary interest is more on the intensive margin of labor supply rather than on employment 
status.  Labor informality prevails despite the sizable reduction that took place until around 2012, 
which earned Peru to be considered, along with Brazil, an example for the Latin American 
region for achieving a reduction in informality (Gasparini and Tornarolli, 2009; Tornarolli, 
Battiston, Gasparini, and Gluzmann, 2014). 
The empirical analysis in this chapter concerns the first year of mandatory preschool.  




the preschool entrance cutoff date creates a discontinuity in the probability of a child attending 
school.  The plausibly exogenous variation in preschool attendance induced in this setting is used 
to obtain fuzzy regression discontinuity estimates.  I make use of data from the ENAHO and 
ENDES surveys and the 2017 population census, which (as described in Chapter 3) provide 
information on educational variables of 3-years-old and older.   
I next describe the Peruvian pre-primary education system, and later in this chapter, 
further examine enrollment of children under three years of age using supplementary data from 
school censuses, as well as the number of beneficiaries of the Cuna Mas program.48 
 
6.1 Pre-primary education system 
The pre-primary education system in Peru is divided into two cycles and can be either 
formal or informal.  The early education system is dual in the sense that the formal and informal 
sectors, known respectively as ‘escolarizado‘ and ‘no escolarizado,’ work in parallel.  The first 
cycle of basic education, termed Cycle I, is intended for children under age three and is not 
mandatory.  Educational services for children between ages three to five years, for whom 
enrollment is mandatory, compose Cycle II of the early childhood education system.  
On one hand, the formal preschool education system refers to early childhood education 
provided in formal educational centers (IE centers) that are unified by the common curriculum 
designed by the Ministry of Education.  Under the formal Cycle I, children younger than three 
years by March 31 are eligible to enroll at either public or private nurseries (cunas).49  For ages 
                                                
48 See Chapter 3 for details on the Peruvian school census and the Cuna Mas program.   
49 The Ministry of Education delivers free or low-cost nurseries, i.e., public cunas.  Private cunas are those available 




three to five years, children have to enroll in either public or private preschools (jardines), which 
comprise the formal Cycle II.50   
On the other hand, the informal programs were started back in the 1970s by Caritas, a 
Catholic social service organization that provided free daycare for working mothers living in 
rural and disperse areas of Peru (Guerrero and Demarini, 2016).  Currently, the informal 
preschool education system is termed as such as it comprises educational programs that, although 
recognized by the Ministry of Education, are usually run by parents, volunteers, or community 
agents.  Such programs follow general guidelines but not strictly the national curriculum.  Prior 
research has further suggested they are of a lesser quality than are the formal preschool program, 
and most likely attended by indigenous and rural children (Cueto et al., 2016).   
The informal programs are either home- or center-based.  The former are family 
programs that include regular home visits and encourage parent involvement, usually twice a 
week.51  The latter are community-based programs that take place in informal educational 
settings (INE centers), which are usually non-profit organizations that exhibit greater operational 
flexibility than formal educational facilities.  The community programs corresponding to Cycle I 
fall into two categories: (i) PIET (Programa Integral de Educacion Temprana, PIET/Wawa 
Pukllana), and (ii) the SET (Sala de Educacion Temprana).  As for Cycle II, informal programs 
take place in a community-based setting and are known as PRONOEI.52 
As mentioned in the third chapter, apart from the educational supply coming from the 
Ministry of Education, the Ministry of Development and Social Inclusion (MIDIS) coordinates a 
large-scale early childhood development program for children under 36 months of age living in 
                                                
50 Children who reach their sixth birthday by March 31 are promoted to the first grade of elementary school. 
51 The main family programs overseen by the Ministry of Education are called PIETBAF (Programa Integral de 
Educacion Temprana con Base en la Familia) and Familias que aprenden.  Home visits are the key component of 
family-based programs. 




poverty.  MIDIS officially launched the Cuna Mas program in 2012, on the basis of a former 
program known as Wawa-Wasi. More details on Cuna Mas can be found in Chapter 3. 
 
6.2 Sample 
The empirical analysis was conducted using the ENAHO and ENDES, which were 
described in Chapter 3.  My estimates are obtained using repeated cross-sectional data for the 
period 2015-2018 (ENAHO) and 2015-2017 (ENDES), and I restrict the analysis to the trimmed 
sample around the cutoff point, motivated at constructing a valid comparison group.  I focus 
exclusively on the post-2014 period because I expect the March 31 cutoff date to be less loosely 
enforced.   
The analytical sample includes children born between January and June, who turned three 
years old on the survey year, had complete information on the date of birth, were surveyed in the 
second half of the year, and were born to mothers aged between 18 and 49 years.  The three-
month window on each side of the threshold was chosen under the plausible assumption that 
children born six months further away are likely more dissimilar in their unobservable variables.  
I thus include children who turn three years old between January and June, i.e., children born in 
2012 (2013) in the 2015 (2016) survey year, and so forth.  Preschool attendance and maternal 
labor outcomes are measured over the months of July-December, although results do not 
qualitatively change when the variables are measured over different windows of observation 
(e.g., August-December; July-November; August-November).53   
Panels (a) and (b) in Figure 6.1 respectively correspond to the ENDES and ENAHO 
samples and depict the unconditional likelihood of a child attending preschool in Peru as a 
                                                




function of day of birth.  The displayed graphs in Figure 6.1 concern the sample restricted to 
children of mothers aged between 18 and 49 years, who turned three years between January 1 
and June 30 of the year, and whose preschool attendance was reported during the second half of 
the year.54, 55  
 
 
Figure 6.1 Unconditional likelihood of a child attending preschool, 3-year-olds   





                                                
54 For illustrative purposes, the graphs in Figure 6.1 refer to the subsample of children born over a window of sixty 
days on each side of the threshold. 




Panel (b) 2015-2018, ENAHO data 
 
 
As noted before, children in Peru are eligible to enter the first year of the second cycle of 
preschool if they are three years old by the national school eligibility entrance cutoff date, March 
31.  In the light that the source of variation in child’s preschool attendance is plausibly 
uncorrelated with maternal labor decisions as well as with individual characteristics that affect 
school participation, I use school eligibility status (e.g., being born before or after the cutoff) as 
an instrumental variable for preschool attendance. 
Tables 6.1 and 6.2 below contain descriptive statistics for the two surveys.  The Tables 
report summary statistics for 3-year-olds, as well as for the subgroup of 3-year-olds who are the 
youngest at home.  As can be seen in Table 6.1, the ENAHO sample is equally distributed by a 
dummy variable 𝑍 for children whose birth month is between April and June (i.e., 50.1% born 




of the sample is male.  Mothers have, on average, 8.8 years of schooling, and slightly over 80% 
are married or living with a partner.  Twenty-eight out of every one hundred mothers are 
indigenous, and 53.1% live in urban areas.  The figures are very close in magnitude to those of 
the ENDES sample (Table 6.2). 
 
Table 6.1:  Descriptive statistics, ENAHO 
 
3-year-olds Youngest  
 Mean Std. Dev. Mean Std. Dev. 
Born on or after the cutoff (𝑍) 0.501 0.500 0.510 0.500 
Attends preschool 0.434 0.496 0.430 0.495 
Child is male 0.497 0.500 0.500 0.500 
Rural 0.469 0.499 0.439 0.496 
Mother's age 32.189 6.942 32.584 6.930 
Mother's age: 18-20 0.034 0.182 0.030 0.172 
21-25 0.175 0.380 0.159 0.366 
26-30 0.207 0.406 0.207 0.405 
31-35 0.246 0.431 0.251 0.434 
36-40 0.202 0.402 0.204 0.403 
41-45 0.113 0.317 0.122 0.327 
46-49 0.022 0.146 0.027 0.161 
Mother's years of schooling 8.768 4.544 9.041 4.448 
Indigenous 0.288 0.453 0.274 0.446 
Mother is married 0.807 0.395 0.786 0.410 
Affiliated to a pension system 0.179 0.383 0.190 0.392 
Child receives 'glass of milk' 0.392 0.488 0.383 0.486 
Receives CCT Juntos program56 0.212 0.409 0.214 0.410 
Extreme poor 0.084 0.277 0.066 0.248 
Non-extreme poor 0.274 0.446 0.249 0.433 
Non-poor 0.642 0.480 0.685 0.465 
N 1572 1280 




                                                




Table 6.2:  Descriptive statistics, ENDES 
 
3-year-olds Youngest  
 Mean Std. Dev. Mean Std. Dev. 
Born on or after the cutoff (𝑍) 0.499 0.500 0.508 0.500 
Attends preschool 0.445 6.989 0.450 0.498 
Child is male 0.515 0.500 0.514 0.500 
Rural 0.341 0.474 0.319 0.466 
Mother's age 30.803 6.989 31.444 7.091 
Mother's age: 18-20 0.054 0.226 0.049 0.216 
21-25 0.218 0.413 0.197 0.398 
26-30 0.234 0.423 0.220 0.414 
31-35 0.227 0.419 0.236 0.425 
36-40 0.166 0.372 0.178 0.382 
41-45 0.081 0.273 0.095 0.293 
46-49 0.021 0.142 0.026 0.159 
Mother's years of schooling 9.489 4.061 9.730 4.013 
Indigenous 0.279 0.449 0.264 0.441 
Mother is married 0.863 0.344 0.847 0.360 
N 2773 2187 
 
 
6.3 Estimating Equation 
The school-entry law gives rise to a break in preschool participation in spite of the 
imperfect compliance, i.e., the break is observed in the neighborhood of the March 31 cutoff in 
both panels of Figure 6.1.  I should stress at this point that the bottom left-hand side of the graphs 
may be suggesting a child’s attendance in the optional Cycle I of preschool.  In this regard, the 
data points after the cutoff date may be capturing children who are enrolled in the non-
mandatory Cycle I. 
The discontinuity observed at the threshold birth date in the preschool attendance 
probability is exploited in a fuzzy regression discontinuity design (fuzzy RDD) I deploy to tackle 




around the cutoff in the probability of a child attending preschool.  (School participation 
certainly does not entirely depend on the threshold birth date, and the threshold is not always 
adhered to.)  I use school eligibility status (e.g., being born before or after the cutoff) as a binary 
instrument for actual treatment status, i.e., preschool attendance. 
Being the fuzzy RDD conceptually alike to a local IV estimation (Hahn, Todd, and Van 
der Klaauw, 2001), I use the two-stage least-squares (2SLS) method.  Thus, the discontinuity in 
the preschool attendance probability at the cutoff ends up serving as an instrumental variable for 
the actual preschool participation.   
The two-step process involved in the 2SLS demands the estimation of two equations, 
which in my approach are as follows:  
𝑆 = 𝛿!𝑍 + 𝛿!𝑓 𝐵 + 𝑋𝛿! + 𝐹𝐸 + 𝜈,  (6.1) 
𝑌 = 𝛽!𝑆 + 𝛽!𝑓 𝐵 + 𝑋𝛽! + 𝐹𝐸 + 𝜀 ,  (6.2) 
In equation (6.1), the so-called first-stage equation, 𝑆 is a dummy variable that accounts 
for actual preschool attendance.  The binary instrument 𝑍 is a variable equal to one if the child 
was born on or after the cutoff point, and zero otherwise.  Specifically, 𝑍 instruments preschool 
attendance by inducing plausibly exogenous variation in preschool attendance around the 
eligibility cutoff, but arguably having no direct effects on maternal labor outcomes.  The running 
variable 𝐵 is the distance in days between the child’s date of birth (DOB) and the cutoff point 
(c0), i.e., B= DOB – c0.  In my estimation sample, 𝐵 ranges from – 91 (child born on January 1st) 
through 90 (child born on June 30th).  The cutoff point c0  equals 92.  The function 𝑓 𝐵  is a 
smooth function of birth date, i.e., the running variable, and varies on either side of the cutoff 
date.  I specify it as a piecewise polynomial function that is expected to capture smooth, seasonal 




𝑌, indicates the maternal outcome, such as a dummy variable for employment status and the 
number of weekly hours of work.  Also, 𝐹𝐸 indicates fixed effects for regions and calendar 
years.  The vector 𝑋 represents the array of observable regressors included to increase the 
precision of the estimates.  The basic set of exogenous covariates in the estimating equations 
includes linear and quadratic terms of mother's age, maternal education (measured by mother's 
years of schooling as a proxy of maternal cognitive skills), and dummy variables for a male 
child, indigenous mother tongue, rural area residence, regions, and survey year.57  Lastly, 𝜀 and 𝜈 
are disturbance terms assumed to be identically and independently distributed.  The model is 
just-identified as it includes a single endogenous regressor and a single instrument.    
The estimated effect corresponding to the instrumental variable in equation (6.1), 𝛿! 
(delta1 hat), informs on the existence of a sharp variation in preschool participation near the 
cutoff point.  The estimated 𝛽! (beta1 hat) represents the causal effect on maternal labor 
outcomes of the youngest child’s preschool entry, under the identifying assumptions.  To the 
extent that date of birth is random around the cutoff, and thus a local randomized experiment is 
observed, 𝛽! would be the effect of interest.  The parameter 𝛽! represents the local average 
causal effect of actual preschool attendance on maternal labor outcomes, by identifying the effect 
of the treatment at the threshold birth date in the subpopulation of compliers under the 
assumption of weak monotonicity.58  Specifically, the critical identifying assumptions in the 
IV/2SLS approach are the relevance as well as the validity of the exclusion restriction.  Under 
both conditions taken together, it is required that the instrument is correlated with preschool 
participation but uncorrelated with the maternal outcomes; furthermore, the instrument is 
                                                
57 The indigenous mother tongue variable is equal to one if the mother learned an indigenous language during 
childhood, and zero otherwise. 
58 Compliers are defined as those individuals whose treatment assignment complies with instrument inducement.  




expected to impact maternal labor supply only via child’s school attendance.  Thus a zero-
correlation is required between the instrument and unobservable variables (e.g., family income) 
that could directly affect maternal labor supply.  In other words, it needs to be satisfied that 
𝐶𝑜𝑣 𝑍, 𝑆 ≠ 0 and 𝐶𝑜𝑣 𝑍, 𝜖 = 0.   
 
6.4 Results 
In what follows I report 2SLS estimates.  I begin by presenting the internal validity 
checks conducted to ensure that the main identifying assumptions of the proposed empirical 
strategy hold and that estimates are not whatsoever driven by an imbalance of baseline variables 
around the cutoff, nor self-selection or sorting around the cutoff.  As previously stated, the 
identifying assumption requires the instrument to be exogenous to outcomes, implying a zero-
correlation between the instrument and unobserved children or family variables that could 
directly affect a mother’s labor decisions.  This may not hold if parents can manipulate their 
children’s date of birth, so it is important in this setting to explore whether manipulation of 
children’s date of birth took place around the cutoff point.  If that were the case, children born on 
either side of the cutoff point would most likely be systematically different in their unobservable 
characteristics. 
The comparison of mean values of relevant variables, by the two categories defined in the 
instrument, is presented in Tables 6.3 and 6.4.  (Here I report only results from the ENAHO 
because the ENDES results are qualitatively alike.)  The p-values are all above 0.05, suggesting 
balance in the set of observable variables.  From Table 6.3 it also appears that, on average, 73 out 
of every 100 children eligible for enrollment are attending preschool.  Also, approximately 14% 




turn three years old (crossovers).  
 











Child attends preschool 0.7349 0.4417 0.1396 0.3469 0.0000 
Child is male 0.4994 0.5003 0.4956 0.5003 0.8816 
Mother's age 32.2754 6.7369 32.1044 7.1392 0.6254 
Mother's years of schooling 8.6062 4.5376 8.9270 4.5467 0.1616 
Mother is married 0.8108 0.3919 0.8038 0.3974 0.7238 
Indigenous 0.2973 0.4574 0.2792 0.4489 0.4298 
Rural 0.4852 0.5001 0.4528 0.4981 0.1987 
Child receives 'glass of milk' 0.3964 0.4895 0.3874 0.4875 0.7157 
Receives CCT Juntos program 0.2059 0.4046 0.2189 0.4137 0.5307 
Extreme poor 0.0901 0.2865 0.0780 0.2683 0.3873 
Non-extreme poor 0.2690 0.4437 0.2792 0.4489 0.6486 
Non-poor 0.6409 0.4800 0.6428 0.4795 0.9394 
 











Child attends preschool 0.7400 0.4390 0.1317 0.3384 0.0000 
Child is male 0.4960 0.5004 0.5038 0.5004 0.7800 
Mother's age 32.6443 6.6743 32.5268 7.1722 0.7618 
Mother's years of schooling 8.8628 4.4521 9.2113 4.4403 0.1612 
Mother is married 0.7959 0.4034 0.7764 0.4170 0.3971 
Indigenous 0.2871 0.4528 0.2619 0.4400 0.3125 
Rural 0.4498 0.4979 0.4288 0.4953 0.4502 
Child receives 'glass of milk' 0.3732 0.4840 0.3920 0.4886 0.4888 
Receives CCT Juntos program 0.2073 0.4057 0.2205 0.4149 0.5657 
Extreme poor 0.0654 0.2474 0.0658 0.2482 0.9736 
Non-extreme poor 0.2392 0.4270 0.2588 0.4383 0.4188 





As a further way of testing balance in baseline characteristics between the treatment and 
comparison groups around the cutoff, I regressed the date of birth separately on each variable.  
Tables 6.5 and 6.6 report the results obtained when age and years of schooling of the mother, as 
well as dummy variables for a male child, indigenous mother, and rural residence, are treated as 
dependent variables while controlling for a piecewise quadratic polynomial of birth date and 
adjusting standard errors by clusters of day of birth.  None of the estimates are statistically 
significant, not even at the 10% significance level.  When including controls for regions and 
birth year, the coefficients remain indistinguishable from zero, suggesting that the baseline 
variables have the same distribution just below and above the cutoff date.  
 
Table 6.5:  Internal validity check, ENAHO 






Child is a 
boy  
Mother is 
indigenous   Rural 
      
3-year-olds 0.045 0.637 0.037 0.012 0.003 
 (0.948) (0.753) (0.063) (0.076) (0.060) 
      
      
Youngest 0.193 0.370 -0.018 -0.009 0.1280 
 
(1.011) (0.845) (0.065) (0.082) (0.068) 
  	  	   	  	   	  	   	  	   	  	  
Source: Based on Peru’s National Household Survey, ENAHO. Note: Standard errors clustered at day-of-
birth level in parentheses; * p<0.1, ** p<0.05, *** p<0.01. Model specification includes a quadratic 






Table 6.6:  Internal validity check, ENDES 






Child is a 
boy  
Mother is 
indigenous   Rural 
      
3-year-olds -0.410 -0.195 -0.023 -0.011 -0.022 
 (0.792) (0.453) (0.059) (0.057) (0.058) 
      
      
Youngest -0.520 -0.684 -0.007 0.054 0.024 
 
(0.941) (0.441) (0.057) (0.059) (0.057) 
  	  	   	  	   	  	   	  	   	  	  
Source: Based on Peru’s National Demographic Survey, ENDES. Note: Standard errors clustered at day-
of-birth level in parentheses; * p<0.1, ** p<0.05, *** p<0.01. Model specification includes a quadratic 
polynomial of birthdate. 
 
Also, I test whether the density of the running variable is continuous at the cutoff, using 
the manipulation test proposed in Cattaneo et al. (2019).  For the ENAHO, the statistic was 
0.0572 with a p-value of 0.9544, thus leading me to fail to reject the null hypothesis of the 
smooth density at the cutoff.  Likewise, I do not find evidence of manipulation of the running 
variable when using the ENDES data (statistic = -0.3707; p-value = 0.7109).        
Taken all the evidence together, I conclude that the assumption of randomness in a 
neighborhood of the cutoff is suitable, as individuals on either side of the cutoff are statistically 
comparable and that there is evidence supporting the lack of systematic manipulation of date of 
birth.  The results above are suggestive that no large breaks in the baseline characteristics are 
uncovered around the cut-off point, implying that birth timing looks independent across the 
threshold birth date in terms of baseline characteristics.  
 
First-stage results 




stage, with an F-statistic bigger than 10 and an R-squared ranging from negative 0.45 to negative 
0.576.  The estimated coefficient on 𝑍, the dummy variable for being born after the cutoff date, 
is statistically significant at the 1% significance level and robust to alternative specifications.  
The strong first stage is not surprising because, despite imperfect compliance, I am looking at 
mandatory preschool.  The first stage relationship is strongest for the ENAHO, as the estimated 
effect for the subsample of children drawn from the ENDES data is lower in absolute values than 
that of the ENAHO.  The first-stage estimates in Table 6.7 suggest that 3-year-olds born before 
the cutoff date are 52-54 percentage points more likely to attend preschool than those born after 
the cutoff.  Further, among the 3-year-olds who are the youngest at home, those who turned three 
years of age before the cutoff date are about 57-58 percentage points more likely to be attending 
preschool than their counterparts born before the cutoff.       
 
Table 6.7:  First-stage results, ENAHO 
Dependent variable: Preschool Attendance 
 3-year-olds Youngest 3-year-olds 
 (1) (2) (3) (4) 
        
Born on/after 4/1 -0.524*** -0.536*** -0.572*** -0.576*** 
 
(0.059) (0.061) (0.054) (0.056) 
	  
	   	  
	   	  Observations 1,572 1,572 1,280 1,280 
F-stat 204.45 58.40 201.22 68.35 
R-squared 0.362 0.419 0.378 0.443 
Controls No Yes No Yes 
Year FE No Yes No Yes 
Region FE No Yes No Yes 
Source: Based on Peru’s National Household Survey, ENAHO. 
Standard errors clustered at day-of-birth-level in parentheses; * p<0.1, ** p<0.05, *** p<0.01. Model 






Table 6.8:  First-stage results, ENDES 
Dependent variable: Preschool Attendance 
 3-year-olds Youngest 3-year-olds 
 (1) (2) (3) (4) 
        
Born on/after 4/1 -0.446*** -0.454*** -0.462*** -0.465*** 
 
(0.043) (0.041) (0.055) (0.053) 
	  
	   	  
	   	  Observations 2,773 2,773 2,187 2,187 
F-stat 351.03 80.90 251.07 69.47 
R-squared 0.334 0.385 0.342 0.393 
Controls No Yes No Yes 
Year FE No Yes No Yes 
Region FE No Yes No Yes 
 
Source: Based on Peru’s National Demographic Survey, ENDES. 
Standard errors clustered at day-of-birth-level in parentheses; * p<0.1, ** p<0.05, *** p<0.01. Model 
specification includes a quadratic polynomial of birthdate. 
 
I now turn to the 2SLS and reduced-form (RF) estimates for employment (extensive 
margin of labor supply) and weekly hours worked in the preceding week (intensive margin of 
labor supply).  As noted earlier, employment status is defined as a dummy variable equal to one 
if the mother worked during the week prior to the survey.  Table 6.9 shows that there is no 
evidence of statistically significant changes in maternal employment status.  I do not present the 






Table 6.9:  Employed last week 
 3-year-olds Youngest 3-year-olds 
  (1) (2) (3) (4) (5) (6) (7) (8) 
 
RF 2SLS RF 2SLS RF 2SLS RF 2SLS 








(0.073)  (0.071)  (0.059) 
 
(0.058) 
Born on/after 4/1 0.0003 
 





(0.039)  (0.034)  (0.034) 
 
   
    
  Observations 1,572 1,572 1,572 1,572 1,280 1,280 1,280 1,280 
Controls No No Yes Yes No No Yes Yes 
Year FE No No Yes Yes No No Yes Yes 
Region FE No No Yes Yes No No Yes Yes 
Source: Based on Peru’s National Household Survey, ENAHO. See text for details. 
Note: Standard errors clustered at the day-of-birth-level in parentheses; * p<0.1, ** p<0.05, *** p<0.01. 
 
To investigate whether there were any effects on mothers’ distribution of work as a result 
of having an eligible child induced to enroll in school, I use the ENDES data and concentrate 
among mothers who worked in the last 12 months.  The survey allows distinguishing working 
mothers on whether their economic activity was outside the home (the typical case) or not.  To 
explore the distribution of maternal work, I defined the outcome as a dummy variable equal to 







Table 6.10:  Mother worked outside the home in the last 12 months 
  (1) (2) (3) (4) (5) (6) 
 




























       Observations 2,043 2,043 2,043 2,043 2,043 2,043 
Controls No No Yes Yes Yes Yes 
Year FE No No  Yes     Yes Yes Yes 
Region FE No No  No  No Yes Yes 
Source: Based on Peru’s National Demographic Survey, ENDES. See text for details. 
Note: Standard errors clustered at the day-of-birth-level in parentheses; * p<0.1, ** p<0.05, *** p<0.01. 
 
Results in Table 6.10 show some evidence that, among mothers of an eligible child, the 
likelihood that she performs her economic activity outside home, instead of at home, increases.  
As for the effects of preschool attendance on the intensive labor margin, the estimates on weekly 
hours are positive but indistinguishable from zero (Table 6.11).  On the basis of the previous 
research described in the literature review chapter, I investigated heterogeneous effects by 
maternal education (Table 6.12).  The estimate reported for mothers of 3-year-olds who are the 
youngest at home, and with at least a high school diploma, does not change substantially when 
adding covariates.  The results suggest that mothers with at least a high school diploma whose 
youngest child is an eligible 3-year-old are more likely to work longer hours per week if their 
child attends preschool.  The increase in the average working hours is of approximately 27 hours 
per week, i.e., 5.4 hours per day approximately.  Taking into consideration the existing literature 
described in Chapter 2, my results of a significant effect on working hours of mothers with more 




(2019).  For Brazil, Ryu (2019) documents a 33-hour increase in the weekly worked hours 
among high-educated mothers, as a result of their youngest 4-year-old child enrolling in school. 
Table 6.13, on the other hand, shows first-stage estimates for the period 2008-2010.  Over 
those years, the March 31th cut-off date was not in effect, so failing to find significant results 
over this period supports the internal validity of the results previously obtained. 
 
Table 6.11:  Hours worked last week 
 3-year-olds Youngest 3-year-olds 
  (1) (2) (3) (4) (5) (6) (7) (8) 
 
RF 2SLS RF 2SLS RF 2SLS RF 2SLS 








(5.942)  (5.612)  (6.022) 
 
(5.686) 
Born on/after 4/1 -3.926 
 





(3.006)  (3.417)  (3.260) 
 
   
    
  Observations 1,572 1,572 1,572 1,572 1,280 1,280 1,280 1,280 
Controls No No Yes Yes No No Yes Yes 
Year FE No No Yes Yes No No Yes Yes 
Region FE No No Yes Yes No No Yes Yes 
Source: Based on Peru’s National Household Survey, ENAHO. See text for details. 









Table 6.12:  Hours worked last week. Heterogeneous effects by maternal education 
Panel (a) 
 Mother completed at least high school 
 3-year-olds Youngest 3-year-olds Youngest 
  (1) (2) (3) (4) (5) (6) (7) (8) 
 
RF 2SLS RF 2SLS RF 2SLS RF 2SLS 












or after 4/1 -12.183** 
 





(5.307)  (5.348)  (5.853) 
 
   
    
  Observations 384 384 331 331 384 384 331 331 
Controls No No No No Yes Yes Yes Yes 
Year FE No No No No Yes Yes Yes Yes 
Region FE No No No No Yes Yes Yes Yes 
 
Panel (b) 
 Mother has less than a high school diploma 
 3-year-olds Youngest 3-year-olds Youngest 
  (1) (2) (3) (4) (5) (6) (7) (8) 
 
RF 2SLS RF 2SLS RF 2SLS RF 2SLS 












or after 4/1 -2.579 
 





(3.720)  (3.474)  (3.843) 
 
   
    
  Observations 1,188 1,188 949 949 1,188 1,188 949 949 
Controls No No No No Yes Yes Yes Yes 
Year FE No No No No Yes Yes Yes Yes 
Region FE No No No No Yes Yes Yes Yes 
Source: Based on Peru’s National Household Survey, ENAHO. See text for details. 





Table 6.13:  First-stage results, 2008-2010 
Dependent variable: Preschool Attendance 
 3-year-olds Youngest 3-year-olds 
 (1) (2) (3) (4) 
        
Born on/after 4/1 0.137 0.120 0.168 0.161 
 
(0.097) (0.089) (0.103) (0.099) 
	  
	   	  
	   	  Observations 958 958 710 710 
F-stat 5.58 12.15 4.48 8.67 
R-squared 0.024 0.181 0.030 0.183 
Controls No Yes No Yes 
Year FE No Yes No Yes 
Region FE No Yes No Yes 
Source: Based on Peru’s National Household Survey, ENAHO. See text for details. 
Note: Standard errors clustered at the day-of-birth-level in parentheses; * p<0.1, ** p<0.05, *** p<0.01. 
 
 
As described before, limited employment effects may be related not only to the existing 
levels of employment and labor informality but also to the informal childcare network, expected 
to be sizable in the context of a developing country.  Certainly, another reason is children being 
cared for outside the home, even before they have access to mandatory preschool.  In Peru, 
children younger than three years by March 31st, who are not eligible to enter the mandatory first 
year of Cycle II, could be attending either a cuna, cuna-jardin, or an informal center-based 
program serving children ages 0-2 years (Cycle I).  That is why I examine enrollment data for the 
age group 0-2 years from the yearly school census conducted by the Ministry of Education.59  
Such enrollment implies solely enrollment in centers providing educational services, so at this 
point, I do not include the number of beneficiaries of the early childhood program, Cuna Mas. 
                                                




As for enrollment in informal programs, I am only interested in center-based programs 
for which I exclude children enrolled in home-visiting programs.  (It is not shown in the graphs 
below, but enrollment in family-based programs outnumbers enrollment in community-based 
programs.)  For Cycle I, the school census data allows me to include children enrolled in PIET, 
SET, and PRONOEI centers for the pre-2016 period; for the post-2016 period, I include children 
enrolled in ‘community-based’ programs.   
Figure 6.2 suggests that the number of children ages 0-2 years enrolled in the informal 
Cycle I (INE programs) has been greater than that in the formal cycle since 2011.  Neither in 
2008 nor 2009 the school census data allows me to distinguish enrollment from family-based 
programs from community-based ones, so I restrict my analysis to the 2010-2018 period, in 
which enrollment of children aged 0-2 years in informal center-based programs increased 385% 
approximately.  The increase in enrollment in formal educational institutions was starkly 
different, only of 17%, for which it is not surprising that the gap in formal-informal enrollment 
has been widening in favor of the INE programs for the age group of interest in the last few 
years.  As of 2018, enrollment in formal centers is 57.5% of the enrollment in center-based 
informal programs.  Overall, if we consider the change in total enrollment of children aged 0-2 
years in either formal centers or informal center-based programs, there was around a 126% 






Figure 6.2:  Enrollment in educational centers, Ages 0-2 
 
 
Despite that enrollment of children ages 0-2 years in informal center-based programs 
increased around 385% over 2010-2018, and the total enrollment of children in the same age 
group increased 126% approximately over the same period, there is a remarkable heterogeneity 
across the 25 regional governments of Peru.  Figure 6.3 gives a sense of the variability across 
branches (formal and informal), and for comparative purposes, I included information for Cycle 






Figure 6.3:  Share of formal enrollment in educational centers, Ages 0-2 
 
The graph plots formal enrollment as a share of the total enrollment for both groups of 
age measured in 2008 and 2018.  The points in the scatter plot moved between 2008 and 2018 
and in 2018 are concentrated in the right-bottom side of the graph, consistently with the increase 
in enrollment in informal programs among children under three years of age, as well as an 
increase in enrollment in formal centers among children aged 3-5 years.  Whereas Cycle I of the 
Peruvian early education system is increasingly becoming more informal, Cycle II has been 
moving towards a more homogeneous formal operation. 
Lastly, I center my attention on children under three of age who are beneficiaries of the 
Cuna Mas program and are receiving childcare services (CM-CD, Cuidado diurno, daily care).  
Data from MIDIS show that, on average, there were 56,500 beneficiaries of CM-CD for the 




by 7.8%; as of 2018, there are over 60,500 beneficiaries of the program.  Although the MIDIS 
data show aggregates, enrollment would be expected to be concentrated in urban areas, due to 
the program design.  Also, formal cunas and cuna-jardines are overrepresented in urban areas of 
Peru.  The Peruvian public sector has been making, with greater emphasis since 2013, sustained 
investment to increase the supply of formal educational facilities.  The role played by the private 
sector in informal programs is minimal, if not negligible, and coverage of the CM-CD program 
(child care component) is still scattered in Peru.  Ultimately, despite the growing enrollment in 
Cycle I, the figure is by no means high, reason for which the figures support the interpretation 
that informal care arrangements play a relevant role in the limited employment effects in the 
country setting under consideration. 
 
Figure 6.4:  Cuna Mas program beneficiaries and children under age 3  





6.5 Concluding Remarks 
I built on the existing literature to document on the causal effect of preschool attendance 
on maternal labor outcomes in Peru.  In the empirical analysis, I exploited that the preschool 
entrance cutoff date creates a discontinuity in the probability of a child attending school.  I 
restricted the estimation to the sample of 3-year-olds born in the three months before and three 
months after the cutoff date.  Those who turned three years before the cutoff were eligible to 
enroll in the first year of preschool Cycle II.  
I documented the following main results. First, findings suggest that 3-year-olds born 
before immediately after March 31st were 46-57.6 percentage points less likely to attend school 
in Peru than were children born just prior to the cutoff point.  Second, Peru has undergone 
transitional changes in its assortment of preschool services.  While Cycle I (ages 0-2) has been 
increasingly becoming more informal, Cycle II (ages 3-5) has been shifting from informal to 
formal preschool services, thereby moving towards a more homogeneous operation for the age 
group 3-5.  Third, results suggest a significant effect on working hours of mothers with more 
education, whose eligible 3-year-old is the youngest child at home.  The increase in the average 
working hours is of approximately 27 hours per week, i.e., 5.4 hours per day approximately.  
This finding is along the lines of Ryu (2019), who find a 33-hour increase in the weekly worked 
hours among high-educated mothers, as a result of their youngest 4-year-old child enrolling in 
school.  There is also some evidence that the likelihood of performing the economic activity 
outside the home versus at home increased among working mothers, which informs on changes 
in the distribution of maternal work.  In terms of previous evidence for Latin American 
countries, the salient features of Peru might account for differences in findings across the 




caregivers and child-care choices, including grandparents and siblings, inherent characteristics of 
the pre-primary education sector uncover dynamics not typically observed in other Latin 
American countries.  Formal education centers coexist with informal family- and community-
based education programs, as well as with the Cuna Mas program’s childcare component.  The 
already high level of labor informality and the high likelihood among Peruvian mothers to work 
in the widespread informal economy that offers them greater flexibility in terms of working 







This dissertation has been conducted in response to the research gap in low-and middle-
income countries (LMIC) in terms of school-entry age effects.  I herein focus on Peru, a middle-
income country that experienced notable economic growth during the 2000s in comparison to the 
rest of Latin American countries, and has made salient progress in reducing the rural-urban gap 
in early school attendance.  Peru offers a linguistically and culturally rich context.  The 
Constitution acknowledges Spanish as the official language, as well as Quechua, Aymara, and 
other indigenous languages in the areas where they are predominantly spoken.  Labor informality 
prevails in Peru despite the sizable reduction that took place until around 2012. 
In this dissertation, I made use mainly of two national surveys, the 2017 population 
census, and the latest university student census.  I examined school-entry eligibility effects on 
education-related outcomes, as well as the effect of children’s school participation, exogenously 
induced by a school-entry regulation, on their mothers’ labor supply.  Highly valuable is the fact 
that Peru freely supplies nationally representative microdata with the exact dates of birth.  Even 
the latest population census offers such a variable. 
Evidence on the effect of school-entry age policies is scarce in the Latin American 
context.  Notably, Peru has had three school-entry cutoff dates over the 2008-2018 period.  
Events in the past few years uncover the struggles Peru has faced to set an updated, stable entry-
age regulation.  Peru’s current eligibility cutoff date is March 31st and was enacted in 2011 when 
the country passed a new admission rule on the age of eligibility for enrolling preschool, 
prekindergarten, kindergarten, and first grade students.  The official goal of raising the age of 
eligibility for entry into school was based on an individual child’s maturation view, whereby 




The change in the school entry cut-off date, far from being immediately accepted, sparked parent 
protests across Peru, and some parents even sued the Ministry of Education.  Arguments for and 
against increasing the minimum school entry age became subject of controversy among 
educators, parents, and even Congress members.  
In Chapter 4, I examined the effect of the three school entry age rules that have governed 
first-grade eligibility in Peru.  Using the 2017 population census data, I followed a reduced-form 
approach and reported estimates of the size of the change in completion rate at the different 
cutoff dates that have been enacted in Peru.  I showed that the completion rate of 12-year-olds 
born shortly before the June 30 cutoff date is about .35, while the rate is approximately .49 
among children born six months before the cutoff.  The estimates obtained are in line with 
previous literature that highlights that younger students in a cohort are held back at a higher rate 
than their older classmates.  Also, the empirical analysis uncovered imperfect compliance of the 
June-30th regulation, which was in place in the 2009 and 2010 school years. 
Chapter 5 intended to serve as a contribution to the scant literature on school-entry 
eligibility effects in development contexts, as well as to the underexplored discussion on the 
transition to higher education in the Latin American region.  I investigated the effect of the 
school-entry eligibility on educational attainment and the probability of delaying college entry, 
based on a sample of adults drawn from the 2017 population census and the 2010 university 
student census.  The overall findings were in agreement with the idea that being born 
immediately after the school entry cutoff date lowered the mean probability of delayed college 
enrollment, but age at entrance to first grade ended up having little to no effect on long-term 
educational attainment.  Despite the limitations of examining causal effects on a post-treatment 




from high school to college in a middle-income country.  The results also suggested that the 
probability of having completed tertiary education slightly changed at the cutoff date for first 
grade, i.e. individuals born after the school-entry cutoff were found to be 0.8 percentage points 
less likely to have completed tertiary education than those born before it.  However, there was no 
statistically significant difference at age 27 between both groups in the probability of having 
completed a college degree or at least some higher education.  The findings are consistent with 
prior research showing a negligible effect of school entry eligibility on long-term educational 
attainment. 
In Chapter 6, I investigated the causal effect of preschool attendance on maternal labor 
supply in Peru, by exploiting the natural experiment resulting from the Peruvian school 
enrollment regulations.  Findings show that Peru has undergone transitional changes in its 
assortment of preschool services.  While Cycle I (ages 0-2) has been increasingly becoming 
more informal, Cycle II (ages 3-5) has been shifting from informal to formal preschool services, 
thereby moving towards a more homogeneous operation for the age group 3-5.  Further, results 
suggested a significant effect on working hours of mothers with more education, whose eligible 
3-year-old is the youngest child at home.  The increase in the average working hours was of 
approximately 27 hours per week, i.e., 5.4 hours per day approximately.  This finding is along 
the lines of previous evidence from Brazil.  The salient features of Peru might account for 
differences in findings across the development contexts.  Apart from the sizable informal care 
system comprised of alternative caregivers and child-care choices, including grandparents and 
siblings, inherent characteristics of the pre-primary education sector uncover dynamics not 
typically observed in other Latin American countries.  Formal education centers coexist with 




program’s childcare component.  The already high level of labor informality and the high 
likelihood among Peruvian mothers to work in the widespread informal economy that offers 
them greater flexibility in terms of working hours would also be an intervening factor to explain 
my findings. 
Certainly, the Peruvian context might not necessarily be comparable to other countries, 
but it may provide valuable insights to LMIC countries contemplating the possibility of changing 
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